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Abstract 
This thesis provides a case study in modelling a complex human-based 
industrial system with a focus on network peak demand for electricity by residential 
customers.  
Network peak demand is the high, concurrent peak use by all customers that 
occurs on only a few hours on a few days per year, usually after a series of extreme 
temperature days. Network peak demand is an issue that needs to be addressed as it 
leads to the inefficient use of the infrastructure as it only required to be met for a few 
hours each year. Understanding the drivers and interactions in the electricity system 
of residential household is valuable to program and policy designers.  
Provision of network infrastructure to meet rising network peak demand is one 
of the reasons for the increasing cost of electricity. Addressing this demand is a 
major imperative for Australian electricity agencies. The network peak demand 
model reported in this thesis provides a quantified decision support tool that can lead 
to an increased understanding of the key influences and impacts on network peak 
demand. By understanding the likely interactions the elements of the system that are 
important, better intervention programs can be developed. 
The conceptual model took a systems approach to identify and understand the 
factors impacting residential customers’ peak demand for electricity. Technical 
factors, such as the customers’ location, housing construction and appliances, were 
combined with social factors, such as household demographics, culture, trust and 
knowledge, and Change Management Options (CMOs) such as tariffs, price, 
managed supply, etc., in a conceptual ‘map’ of the system. 
A Bayesian network was used to quantify the model and provide insights into 
the major influential factors and their interactions, and to examine the reduction in 
network peak demand with different market-based and government interventions in 
various customer locations of interest. It was also used to investigate the relative 
importance of instituting programs that build trust and knowledge through well 
designed customer-industry engagement activities. 
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The interdisciplinary model was possible as it used a strength that Bayesian 
networks allow. The modelling approach taken enabled us to combine information 
from a range of sources, including data derived from expert opinion, and also to 
update that data as new information became available. The research was able to 
provide an innovative means to model network peak demand for electricity that 
enables users to develop well-designed interventions. 
The Bayesian network was implemented via an Excel spreadsheet with a 
tickbox interface to facilitate use by non-expert users of Bayesian network software. 
The model combined available data from industry-specific and public sources with 
relevant expert opinion. The results revealed that the most effective intervention 
strategies involve combining particular Change Management Options with associated 
education and engagement activities. The model demonstrated the importance of 
designing interventions that take into account the interactions of the various elements 
of the socio-technical system. The paper in Chapter 4 shows the Change 
Management Options that provided the greatest impact on network peak demand and 
presented possible network peak demand reductions which would delay any upgrade 
of networks, resulting in savings for Queensland utilities and ultimately for 
households. The model allowed an examination of the importance of Customer-
Industry Engagement to peak electricity demand reduction. It showed that better 
results would be achieved when appropriate levels of Customer-Industry 
Engagement activities were undertaken with the Change Management Options. The 
model was compared with a successful community electricity demand reduction 
program on Magnetic Island and provided insights into and comparable results to 
those observed in that program.  
Future research opportunities are also discussed, including possible iterative 
development of the current model and the possible addition of costing with 
concomitant major extensions to the model. 
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 Introduction Chapter 1:
Decision makers are often interested in understanding the key influencing factors that 
impact human-based industrial systems to assist them in managing elements of those 
systems. These systems are often complex and systems thinking provides a powerful 
approach to understanding and working with this complexity (Kurtz and Snowden, 
2003). The research undertaken and reported here focuses on the complex system of 
network peak demand for electricity by residential customers.  
The understanding of electricity use as a complex system has a relatively short 
history. One useful contribution to investigating human systems is made by the 
Cynefin Centre, Wales, which identifies different knowledge domains (see Figure 
1.1). Their typology highlights the fact that problems in the Complex domain cannot 
be solved in the same way as problems that fall within the Known (Simple) or 
Knowable (Complicated) domains (Kurtz and Snowden, 2003, Snowden, 2002). Our 
research proceeds on the basis that human-based industrial system problems like 
network peak demand fall into the Complex domain and therefore require solutions 
which are of a different order from problems in the Complicated or Simple domains. 
Figure 1.1. Cynefin model (Snowden, 2002) 
 Peak demand for electricity is the peak daily and seasonal demand that occurs due to 
the concurrent use of electricity by all customers. In households this occurs when 
people use energy intensive appliances such as air conditioners, electric ovens, pool 
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pumps, hot water, televisions, lights etc. at the same time, generally between about 
4 pm and 8 pm (Ergon Energy, 2015b, Energex, 2015). All of this evening activity 
contributes to a significant spike in residential energy usage. Network peak demand 
refers to the capacity of the network to deliver that demand and occurs for just a few 
hours on just a few days per year when households experience extreme hot and cold 
temperatures (Ergon Energy, 2015b, Energex, 2015, Productivity Commission, 
2012), see Figure 1.2. Although industry and businesses are major customers of 
electricity, residential households use around 25% of electricity in Queensland 
(Ergon Energy, 2013) and their contribution to network peak demand is even higher, 
with the AEMC (2012) observing that figures extracted from various studies have 
shown that the residential contribution to peak demand could be as high as 45% on 
peak demand days. 
Figure 1.2. Electricity networks must be built for the ‘peakiest’ events (Productivity Commission, 2012) 
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Figure 1.3. Peak demand growth - South East Queensland (Energex Limited and Ergon Energy 
Corporation, 2014) 
 There is research that provides quantified models of reducing electricity 
consumption by changing the technical factors related to house design, the use of 
more efficient appliances and the potential impact of Smart Meter technology to 
control energy use. There is social science research which deals with influencing 
people’s behaviour related to electricity use (Palmer, 2012, Bashar et al., 2010, York, 
Kushler and Witte, 2007) and also a range of models which address social and 
technical aspects to modelling electricity consumption either separately in a 
quantified manner or by integrating them qualitatively, such as Keirstead (2006) and 
Van Raaij and Verhallen (1983)). These models represent a systems approach to 
understanding demand for electricity. However, they do not focus on network peak 
demand, nor do they provide a quantified impact of the combination of the social and 
technical aspects of the complex system. There was therefore an opportunity to 
contribute to this area by developing such a model. This opportunity was developed 
into the research aims and questions outlined in Section 1.1 below. 
 The research reported in this thesis is part of a larger research project that is a 
collaboration involving QUT academic staff and research students and staff from 
Ergon Energy. The research was supported by the Australian Research Council's 
Linkage Project funding scheme (project number LP110201139) and the industry 
partner, Ergon Energy, a Queensland Government-owned corporation. Ergon 
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supplies electricity to over 720,000 customers representing around 97% of the area of 
the state (Ergon Energy, 2015a).  
1.1 Research Aims and Questions 
The aims of this thesis are threefold: 
1. To develop an approach which facilitates the integration of social and 
technical aspects of complex human-based industrial systems, 
specifically interventions that influence peak demand for electricity by 
households. 
2. To develop a Bayesian network (BN) framework approach to integrate 
the disparate domains of this socio-technical system in a mode that is 
usable by industry. 
3. To apply the model to investigate the potential synergies arising from a 
combination of Engagement and Education activities with the 
implementation of Change Management Options. 
These lead to the following methodological and applied research questions: 
1. How can the elements of this complex socio-technical system be 
represented so that it may be modelled in a quantitative manner? 
2. How can we provide a model that uses software currently used by people 
who wish to understand the likely impact of different interventions on 
network peak demand? 
3. How can we apply the model to gain insights into implementing well-
designed change management interventions that are cognisant of the drivers 
of behaviour change in residential energy customers? 
4. How could an expanded model which incorporates cost of interventions 
aid in decision making? 
1.2 Thesis presentation and structure 
The four methodological and applied research questions are addressed in this thesis 
in Chapters 3 to 6. Chapters 3 to 5 consist of a series of papers1 which have been 
                                                            
1 Buys, Laurie, Desley Vine, John Bell, Gerard Ledwich, Kerrie Mengersen, Jim Lewis and Peter Morris. 2015. "A 
framework for understanding and generating integrated solutions for residential peak energy demand." PLoS 
ONE 10(3), 1-20. doi: 10.1371/journal.pone.0121195 
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published in journals and Chapter 6 addresses a potential extension to the existing 
model. 
Chapter 2 provides a literature review to supplement the reviews in the papers. It 
examines the problem domain with a focus on complex, socio-technical systems, 
electricity supply and demand issues, BNs, including the use of expert elicitation and 
model validity. 
Chapter 3 presents the development of the Residential Electricity Peak Demand 
Model (REPDM) conceptual model. It addresses research question 1 through a 
review of the previous approaches which have been taken to integrating social and 
technical factors and it details how this conceptual model integrates the social and 
technical factors of peak energy demand and shows their interactions.  
Chapter 4 describes the method by which the REPDM conceptual model was 
quantified, providing outputs of the reduction in network peak demand that are likely 
to occur with the implementation of various Change Management Options (CMOs). 
The paper in this chapter examines the key nodes influencing network peak demand 
by modelling the impact of the probabilistic responses and connections between the 
social and the technical aspects of the system. The BN model provides a decision 
support tool for industry and a means of understanding the key influences and 
impacts on network peak demand. The model allows various intervention scenarios 
to be tested and these give insights into how the system could be managed. This 
chapter thus elaborates research question 1 and addresses research question 2.  
Chapter 5 illustrates how the BN model was used to compare scenarios in the model 
with scenarios from a case study of energy use by householders on Magnetic Island, 
Queensland, who successfully reduced their daily and network peak demand as well 
as total electricity consumption. This is one example of the application of the BN 
model and therefore addresses research question 3. The paper overlays the model 
with qualitative data from semi-structured, in-depth interviews to determine whether 
Lewis, Jim, Kerrie Mengersen, Laurie Buys, Desley Vine, John Bell, Peter Morris and Gerard Ledwich. 2015. 
"Systems modelling of the socio-technical aspects of residential electricity use and network peak demand." PLoS 
ONE 10(7): e0134086. doi:10.1371/journal.pone.0134086 
Morris, Peter, Desley Vine and Laurie Buys. 2015. "Application of a Bayesian network complex system model to 
a successful community electricity demand reduction program." Energy 84, 63-74. 
doi: 10.1016/j.energy.2015.02.019 
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the model accurately depicts the success achieved on Magnetic Island. The outputs of 
the model provide evidence of its validity. 
Chapter 6 explores possible ways that cost of interventions could be combined with 
the impact expected from those interventions. It addresses research question 4 by 
examining and presenting options that could extend the model in a further study. 
 The papers are presented using the citation and referencing formats required by the 
publishing journals. 
Chapter 7 provides a final discussion which summarises the key findings of the 
current research and considers possible iterative development of the current model, 
which could also present future research opportunities. 
The papers are presented using the citation and referencing formats required by the 
publishing journals. 
1.3 References 
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2.1 Introduction 
This literature review contains additional material to that embedded in each of the 
papers. It focuses on issues for the energy supplier, possible approaches to customer 
segmentation, and Bayesian networks (BNs), including expert elicitation and 
validity.  
2.2 The energy supplier context 
Energy utilities need to meet the extremely non-uniform demand that households 
have for energy (Bartusch et al., 2011, Ergon Energy, 2012b, Marwan and Kamel, 
2011, Simshauser, Nelson and Doan, 2011a, Simshauser, Nelson and Doan, 2011b). 
This research was supported by a Queensland-based energy supplier and Figure 2. 
demonstrates this problem for this supplier (Ergon Energy, 2013a).  
 
Figure 2.1. Ergon Energy load duration curve - 2011 (Ergon Energy, 2013a) 
From an electrical engineering perspective, electricity use is often separated into 
supply-side and demand-side management areas. This research was funded to 
improve demand-side management. Electrical engineers are also working to improve 
supply management techniques in the three major components of supply (Ergon 
Energy, 2012a). Although these aspects are beyond the scope of our investigation, 
they are important to understanding and making decisions about the electricity 
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system and details are provided to give the electrical engineering context in which 
the modelling work was undertaken. 
The three main supply components of the technical electricity system are:  
• Stage 1 – Generation. Electricity is generated at power stations which use various 
resources - fuels (coal, gas, oil, biomass), water (wave, tidal, hydro), wind or 
solar. 
• Stage 2 – Transmission. The electricity is increased in voltage at the power 
stations and fed into the high-voltage transmission network which transports the 
electricity to the many distribution networks. 
• Stage 3 – Distribution. The voltage of the electricity is progressively reduced at a 
series of substations spread throughout the networks until it is at its final voltage 
of 240 volts for supply to homes and businesses. (DEEDI, 2011) 
These components are connected, as shown in Figure 2.2. 
 
Figure 2.2. Electricity generation, transmission and distribution system. (after DEEDI, 2011) 
The final component in the supply of electricity to customers is that provided by 
retailers – for the metering and sale of electricity to households (AER, 2014).  
The problem of supplying electricity in a manner which meets peak demand is 
epitomised by the description of Magnetic Island provided in the final report for the 
Solar City Project (Ergon Energy, 2013b). Ergon Energy selected the island as the 
site for its innovative Solar Suburb trial for several reasons. Its defined boundaries 
(physical, demographic and electricity network) made it an ideal location for a trial 
because of its defined boundary and its constrained network. It is important for 
electricity companies to differentiate between constrained networks and those that 
still easily meet the requirement of delivering network peak demand for that local 
network. The level of network peak demand in the latter group is not a concern to the 
electricity companies whereas the constrained ones, for example Magnetic Island, 
require immediate interventions or increased infrastructure (Ergon Energy, 2013b).  
Forecasts showed that without a reduction in peak demand growth, a third costly 
undersea cable would soon be needed to keep up with the electricity use on Magnetic 
Island. The report says “… peak electricity usage on the island occurs during the 
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Christmas holiday season when tourist numbers and hot weather are also at their 
peak. The hours of 6pm to 9pm are when peak demand spikes as residents and 
holiday makers turn on air-conditioners, clean up after a day at the beach and start 
cooking” (Ergon Energy, 2013b). Ergon Energy must build and maintain a network 
big enough to cope with peak demand even though the peak only occurs for a very 
short time each year. The supply-side management solution to build a third undersea 
cable to Magnetic Island was going to be both costly and inefficient. To mitigate the 
need for this third cable, Ergon Energy developed a demand-side project to provide a 
solution. Their approach combined new technologies as well as behavioural change 
strategies to help change total energy use and energy use patterns on Magnetic Island 
(Ergon Energy, 2013b). This problem extends to a greater or lesser extent to other 
electricity service areas throughout Queensland (Ergon Energy, 2015, Energex, 
2015). 
What is significant about the Magnetic Island trial is that dramatic and sustained 
reductions in network peak demand were achieved. The reduction in peak period 
consumption on the Island as a result of the trial are shown in Figure 2.3. 
 
Figure 2.3. shows the trend in electricity consumption during the Magnetic Island daily peak demand 
period (from 6 – 9 pm). (Ergon Energy, 2013b) 
Another issue raised by The Australian Energy Market Commission (AEMC, 2012) 
report on demand side participation is that revenue from electricity sales will be 
reduced by the otherwise desirable outcome of reducing peak demand. Whilst 
retailers may be able to maintain profit by reducing their costs commensurate with 
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the reduced demand, the network businesses have to contend with their sunk capital 
costs and this would be likely to lead to reduced profit in the short term and to an 
under-recovery of costs. To ensure that costs are covered, it is likely that cost 
recovery would occur through revenue from other areas. Thus the savings made by 
households may not be as great due to other charge increases for that cost recovery. 
However, in the longer term, the reduced peak demand levels would mean that there 
would be a lower need for new capital investment, leading to lower overall costs 
(AEMC, 2012). 
The Magnetic Island study highlights that reducing peak demand involves 
complementary strategies of technological devices as well as behavioural innovations 
(Lutzenhiser et al., 2012). With the advent of improved computer technology and 
Internet communication capabilities, these integrated approaches have included 
innovations such as SmartMeters (Kendel and Lazaric, 2015). The installation of 
SmartMeters can enable direct demand management through the control of 
appliances and also enable useful feedback to customers of their real-time energy. 
Customer behaviour through the use of SmartMeters, with price and even visual 
signals of energy use, can assist in fostering demand shifts (Jeon et al., 2015, 
Capdevila and Zarlenga, 2015), especially when supported with other initiatives 
(Tachizawa, Alvarez-Gil and Montes-Sancho, 2015).  
2.3 Customer segmentation 
Our conceptual model uses the PersonicX demographic segments which Ergon 
Energy was using at the time of the model development (Ergon Energy, 2012c). 
PersonicX uses demographic profiling based on socio-economic and life-stage 
characteristics (Ergon Energy, 2012c, Acxiom, 2009). These segments are 'Cash & 
Careers', 'Transition Blues', 'Gen X Parents', 'Flush Families', 'Beginnings', 'Taking 
Hold', 'Gen X Singles', 'Boomer Barons', 'Modest Means', 'Mature Wealth', 'Golden 
Years', 'Active Elders', 'Leisure Buffs' and 'Our Turn'. These segments are described 
in Table 2.1.  
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Table 2.1. PersonicX registry of Australian households (Ergon Energy, 2012c) 
Residential sub-
group 
Definition (brief) 
1 'Beginnings' Youth starting out  
Adults under 30 
Concerned for future security (Health Issues, Global Warming, 
Economic Uncertainty, etc.) 
Low to medium income 
High propensity towards further education 
2 'Gen X Singles' Gen X Households without children 
Households without children 
Predominantly in their 30s 
Medium to high income 
Enjoy ‘living well 
3 'Taking Hold' Youth taking on greater responsibilities 
Mean age of under 32 
Higher education levels 
White collar clerical occupations 
Above average incomes 
Over 55% mortgagees 
4 'Gen X Parents' Households with Kids  
Mean age under 40 
Family resources directed towards one or two children 
Medium incomes 
Over 60% mortgagees 
5 'Cash & Careers' DINKS – Double Income No Kids 
Many are childless at 40 
Higher education levels 
Over 60% mortgagees 
Affluent, with above average to high household income 
6 'Flush Families' Well off Baby Boomer households with kids  
Predominantly married, baby boomer parents of older school age 
children 
Well educated, with white collar occupations 
Upper-middle incomes and net worth 
Upscale, mortgaged homes in metro suburb urban fringes 
Live well, enjoying fine wines, the arts and regular travel 
7 'Transition Blues' Midlife Transition 
“Me” or “Gen X” young adults 
Transitioning to more settled lifestyles in their early 30s and 40s, 
trying and starting families 
First generation to have PC exposure at high school and work place 
Mix of white and blue collars 
Low to mid-scale household incomes and low net worth 
8 'Boomer Barons' Peak Earning Baby Boomers 
Peak education levels 
White collar professions 
Double incomes 
Luxury homes, automobiles and investment portfolios 
Costly leisure activities and international travel 
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9 'Modest Means' Working Class Battler  
Battlers facing impending retirement 
High proportion of singles, indicating high levels of divorce and 
widowing 
Clerical white collar and blue collar occupations 
Low -middle income and socio-economic strata 
Below average higher education 
Mostly homeowners 
10 'Our Turn' Baby Boomers on Average Incomes  
Born around WWII and post-war ‘Baby Boomers’ 
Currently in 50s and 60s 
Wide ranging interests from gardening to current affairs 
Average household incomes 
11 'Mature Wealth' Highly Affluent Boomers  
Most between ages of 55 and 65 
More affluent suburbs of major states 
Very wealthy with investments and luxury cars 
Interests include business magazines, premium sporting events and 
international travel 
12 'Golden Years' Over 65 White Collar 
Predominantly over 65 
Large proportion still employed in upscale white collar professions 
‘Top ten’ education and net worth 
Own premium real estate and luxury cars 
Involvement in organisations and causes 
Preoccupation with the ‘good life’, land and sea activities, home 
and abroad 
13 'Active Elders' Comfortable Retirees  
Enjoying comfortable retirement 
Average age to late 70s 
Solid middle incomes, displaying caution in spending and 
investment 
Relatively well educated with property owned outright 
Corresponding medium levels of equity 
Mix of widows and widowers with family and grandchildren 
14 'Leisure Buffs' Thrifty Retirees  
Less than half of income enjoyed by other seniors 
Relatively high levels of property owned outright 
Corresponding medium levels of equity 
Advanced ages and lower incomes dictate thriftiness 
Activities centred around the home and garden 
 
Other approaches to customer segmentation in the energy area use more functional 
categories. For example, Shipworth (2000) described the US Electric Power 
Research Institute’s (EPRI) categories that related to how people interact with energy 
and states that market segments for energy use did not correspond to traditional 
demographic segments such as age or income, or even to the amount of energy used. 
The EPRI market segments are presented in Figure 2.4. 
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Figure 2.4. EPRI market segments (cited by Shipworth (2000)) 
Simkin and Dibb (2011) also investigated market segments being used in the energy 
sector and developed what they said were operationally useful segments. However, 
in the process they noted initially that the within segment heterogeneity was higher 
than expected. They stated that the “existing groups apparently had been devised 
over time to satisfy industry ‘norms’, operational convenience, regulatory 
compliance, and had emerged based on very rudimentary demographic 
classifications which bore no relation to consumers’ or business customers’ buying 
behaviour.”  
A report by McKinsey & Company (Frankel, Heck and Tai, 2013) provided another 
alternative approach in which the segments were based on the orientation of people 
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to energy. The segments, with their emphasis on attitudes as they related to 
behaviour, are described in Table 2.2 and their energy saving behaviour is shown in 
Figure 2.5. 
 
Table 2.2. Description of the five customer segments of Frankel, Heck and Tai (2013) 
• About 20 percent of the population are “green advocates,” who care about energy-saving 
behaviour as a goal in its own right. This is the only segment that is motivated by perceived 
environmental benefits from more efficient use of energy. The segment’s profile is not just 
green; it also includes an interest in using new technologies. 
• At the other extreme are “disengaged energy wasters,” a group (also about 20 percent of the 
population) that cares neither about saving energy nor saving money. They are not interested in 
new technologies or the environment. 
• The rest of the population is primarily motivated by saving money but still comprises three 
distinct segments. Cost savings entirely motivate the “traditionalist cost-focused energy savers” 
group. The “home-focused selective energy savers” group primarily seeks home improvement, 
which can include a technological and cost-saving dimension; both of these can clearly link to 
more efficient use of energy. Members of the third segment, “non-green selective energy 
savers,” are happy to save energy as long as they don’t have to think about it (in other words, 
capturing savings through “set and forget” actions. 
 
 
Figure 2.5. Five customer segments based on expressed attitudes and behaviours (Frankel, Heck and Tai, 
2013) 
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Different segmentation tools produce different implementations of models. The 
possible implications of using different segmentation tools are discussed in Section 
7.4.3. 
2.4 Bayesian networks 
Bayesian networks are a useful means to model complex systems. Such systems may 
be represented as a network of linked elements or variables and BNs are well suited 
to the examination of such systems as they can both accommodate the complexity as 
well as being able use the various sources of information that can inform them. It is 
an approach that is gaining substantial momentum in many areas (Aguilera et al., 
2011, Buys et al., 2014, Getoor et al., 2004, Earnest, Cramb and White, 2012, 
Keshtkar et al., 2013, Smith et al., 2012).  
BNs are statistical models that provide a graphical, probabilistic framework for 
representing and analysing domains involving uncertainty (Pearl, 1988). They 
provide a graphical representation of a joint probability distribution over a set of 
probabilistic variables and facilitate the integration of information from diverse 
sources, including data, other literature and expert judgement, using a transparent, 
efficient and mathematically rigorous process (Jensen and Nielsen, 2007, Uusitalo, 
2007, Johnson et al., 2010). There are many approaches to graphical models and 
Figure 2.6 (Johnson, 2009) positions BNs within the general framework of graphical 
models. BNs need the system to be represented as acyclic graphs (at least in the time-
step being considered) as this is a requirement for the calculations to proceed and 
produce quantified outputs of the probability states of the system elements (Pearl, 
1988). 
A BN is typically constructed in two stages: first, a conceptual ‘map’ of the system is 
developed, whereby the target outcome and the suite of factors that potentially affect 
the target are represented by nodes (circles) and the linkages or interactions between 
these nodes are represented by arrows. The conceptual map is then quantified using a 
suite of probability tables or distributions based on the available information. The 
BN can then be used to examine scenarios, identify the most important factors 
impacting on the target, highlight knowledge or information gaps, evaluate the 
impact of changes in the system and, suggest strategies for obtaining optimal 
outcomes (Jensen and Nielsen, 2007). 
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Figure 2.6. A partial hierarchy of graphical models Johnson (2009) (after Murphy (2002) 
Abbreviations: BN – Bayesian network; DBN – directed BN; OOBN – object oriented BN; DOOBN – directed 
OOBN; CART – Classification and regression tree; HMM – Hidden Markov models; ICA – Independent 
component analysis; KFM Kalman filter model; MR – Multiple regression; MFR – Markov random field; PCA – 
Principle component analysis (Johnson, 2009) 
BNs derive from Bayesian probability theory, which allows the calculation of the 
joint probability by representing the random variables as a graph. The networks and 
the interactions of the nodes of the network may be built as a calculating model with 
the set of variables (nodes) and the arcs between them indicating conditional 
dependence, that is, they can be linked as conditional probabilities. If we are 
interested in A and start with a prior probability, P(A), and then we observe B, Bayes’ 
theorem tells us that the revised belief for A is obtained by multiplying the prior by 
the ratio (P(B│A))/ P (B), where P (B│A) is the likelihood of B given A. The 
posterior, P(A│B), of Bayes’ theorem is calculated as  
𝑃𝑃(𝐴𝐴|𝐵𝐵) = (𝑃𝑃(𝐴𝐴)𝑃𝑃(𝐵𝐵|𝐴𝐴)) 𝑃𝑃(𝐵𝐵)⁄  . (Pearl, 1988) 
Applying this well-known Bayes theorem to the conditional probabilities of all the 
elements of a network structure of the system allows for the propagation of the 
represented beliefs and inferences to be made when evidence is set for the states of 
selected nodes (Pearl, 1988). The construction of BNs is an iterative process 
involving a sequence of steps. These steps include identifying variables, identifying 
the states of those variables, then encoding dependence and independence relations 
as an acyclic, directed graph. As systems have feedback loops, building a BN as an 
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acyclic graph often involves massaging the system and its feedback loops to a 
suitable form (Johnson, 2009). The structure of the graphical model can be derived 
by learning the structure, where data exists , or by using experts to either provide a 
partial structure to aid machine learning (Murphy, 2012, Pérez-Ariza et al., 2012). 
Where data is lacking, the conceptual model that describes the system and 
relationships needs to be elicited fully as part of the modelling process, using expert 
opinion. Although various relationships could be used to represent the network 
structure, the particular structure (or structures) of the BN relate the inference 
relationships that the elicitation process determines as the most appropriate.  
The requirement for BNs to be acyclic represents an issue within systems approaches 
which needs to be addressed. However, where non-acyclic relationships between 
variables or time-steps need to be incorporated, this may be simply accommodated 
using a stepped series of networks {Nicholson, 2011 #580}. 
The conditional probabilities of the variables in the acyclic network are determined 
by the structure of the model and they may be represented as a Conditional 
Probability Table (CPT) for each node of the network (Kjærulff and Madsen, 2013). 
These probabilities can come from either data, where it exists, or by using expert 
opinion (Low Choy, O'Leary and Mengersen, 2009, Druzdzel and van der Gaag, 
1995). Where expert opinion is required, it can be obtained using various elicitation 
techniques and if domain experts are unable to provide numerical probabilities, Cain 
(2001a, 2001b) has presented a method that involves eliciting a limited set of 
conditional probabilities as an Elicited Probability Table (EPT) and interpolating 
these to give a full CPT.  
Although BNs need to be acyclic, they provide several advantages such as the 
“coherent and mathematically sound handling of uncertainty, normative decision 
making, and intuitive and compact representation of cause–effect relations and 
(conditional) dependence and independence relations” (Kjærulff and Madsen, 2013). 
BNs are well suited to represent expert opinion as they treat all sources of 
uncertainty in the modelling process in a unified and consistent manner’ (Tipping, 
2004). This is a strength as it allows complex systems to be analysed even where 
subjective judgements are used. The incorporation of any subjective judgement into 
the BN is made explicit and this provides for transparency in any decisions that may 
flow from them to aid the management of the system (McCarthy, 2007). As 
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McCarthy (2007) observes, when working with BNs and indeed Bayesian methods 
more generally, the subjectivity that exists is transparent, and it can be updated 
objectively as data becomes available. 
2.5 Model validity 
Pitchforth and Mengersen (2013) present a validation framework for BNs based on a 
broad range of conceptual tests. Their framework addresses validity at various stages 
in the modelling process. The key areas of their framework are nomological validity, 
face validity, content validity, concurrent validity, convergent validity, discriminant 
validity and predictive validity. It makes clear whether or not a model describes the 
system it is intended to describe and whether the model produces the output it is 
intended to produce (Pitchforth and Mengersen, 2013). A key conclusion they draw 
is that many of their validity tests are especially applicable to BNs where expert 
elicitation has been used and no objective data exist. In this case, the definition of 
terms must be rigorous as the CPTs and other aspects of the model need to be 
determined based on those terms (Low Choy et al., 2009b).  
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  A framework for understanding Chapter 3:
and generating integrated 
solutions for residential peak 
energy demand 
As peak demand for electricity in households is a complex system, addressing this 
requires an approach that can take a multidisciplinary approach to understanding the 
system and the elements that need to be included in the model (Keirstead J 2006, 
Van Raaij & Verhallen 1983). Combining the social and the technical elements of a 
system was undertaken by building on previous models of energy consumption 
within a social science perspective of the household domain and linking the social 
dimensions to the technical aspects of the houses, locations and appliances.  
The development of the conceptual model of network peak demand for electricity of 
residential households was conducted with a multidisciplinary team of industry 
experts, electrical engineers, statistical modellers and social scientists. This team was 
able to contribute the multiple perspectives of the complex system of this socio-
technical domain to produce the desired conceptual model. A decision was made to 
use Keirstead (2006) as the overarching framework and to incorporate the details 
from Van Raaij and Verhallen (1983) within the model.  
This chapter presents the journal article. I contributed to this work by participating in 
the group discussions, generating the graphics for and reviewing the paper and 
suggesting new linkages between elements in this model that became apparent during 
the concurrent process of translating it to a Bayesian network (BN). 
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A framework for understanding and generating integrated solutions 
for residential peak energy demand2 
3.1 Introduction 
Recently, electricity systems have been examined worldwide for their contribution to 
environmental issues including climate change, depletion of resources through the 
continued use of fossil fuels and the consistently rising cost of electricity to 
customers due to the investment required for upgrading infrastructure to provide 
power during periods of peak demand [1, 2]. Governments, policy makers and the 
electricity industry are addressing these issues through measures such as promotion 
of renewable generation, incentives for energy efficiency and educating customers on 
energy demand and cost reduction opportunities [1]. However, the adoption rate of 
energy efficient practice despite the availability and promotion of the incentives for 
such behaviour would seem to indicate that consumers are making irrational 
economic decisions [McKinsey & Co cited in 3]. Success in addressing these 
concerns, therefore, requires understanding of all the technical and social factors that 
affect electricity demand especially at peak times.  
This paper builds upon current knowledge of residential energy consumption and 
previous efforts to offer models to improve understanding of the effects on 
residential peak energy demand. This paper introduces and discusses the 
development of a new conceptual multi-disciplinary complex model to guide 
analysis of residential energy choices during network peak periods. Past and current 
research in energy analysis is reviewed. The purpose of this paper is to present a 
dynamic conceptual framework that enables, in an integrated way, the exploration of 
the complexity of factors that influence residential consumers’ energy use during 
peak demand periods.  
3.1.1 Why peak demand is the critical focus 
Peak demand for electricity is a critical focus as it has been growing much faster than 
average demand thus challenging electricity utilities to supply peak demand in a cost 
effective, reliable manner [4]. Electricity cannot be economically stored in quantities 
2 Buys, Laurie, Desley Vine, John Bell, Gerard Ledwich, Kerrie Mengersen, Jim Lewis and Peter Morris. 
2015. "A framework for understanding and generating integrated solutions for residential peak 
energy demand." PLoS ONE 10(3), 1-20. doi: 10.1371/journal.pone.0121195 
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large enough to currently operate a reliable network [5]. This means supply must 
equal demand at all times as failure to do so results in outages and load shedding 
causing some customers to lose supply, creating a difficult challenge for the industry. 
In extreme cases the electricity network could be destabilised, causing a greater loss 
of supply and widespread blackouts [6, 7]. Such a situation occurred in the United 
States in August 2003 and affected the lives of 50 million citizens [8]. Electricity 
industry planning teams are very conservative by nature [9] and design the network 
for a healthy safety margin in generation, transmission and distribution capacity to 
match the unpredictable nature of demand due to weather conditions and autonomous 
use by consumers [10].  
Energy distributors based in Queensland Australia forecast that the demand for 
electricity at peak times, as experienced on hot or humid days, will increase 74% 
between 2008 and 2020. This contrasts with the total energy consumption in 
Queensland increasing by 48% in the same period [4]. The Queensland Government 
estimates that the distributors will spend $1 billion on infrastructure over the next 
three years to meet demand required during peak times which equates to only 1% of 
the year [4]. Such rapidly increasing capital investment in electricity provision, use 
of fossil fuels, damage to the environment and additional cost to the consumer could 
be delayed or avoided if residential customers voluntarily changed their demand 
patterns at times of network peaks.  
3.1.2 Exploring the evidence 
Over almost forty years, there have been numerous studies from a wide range of 
disciplinary perspectives (including economics, engineering and sociology, 
anthropology and psychology) providing different frameworks, theories and designs 
of interventions to change behaviour of residential electricity customers with none 
providing a reliably successful predictive tool or intervention [3, 11-14] due to the 
limited view of considering only a selective set of factors influencing energy use 
[15]. Previous studies have predominately had an environmental focus [e.g., 16, 17-
24], and so cannot easily be identified as specific peak reduction research. This same 
research has typically described conservation and efficiency behavioural change as 
an essential issue. Although the link between conservation, efficiency and peak 
demand is rarely identified, there is valuable insight within pro-environmental 
literature to the topic of peak demand reduction and behaviour change.  
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Research that has specifically addressed residential peak demand have mostly 
targeted economic variables of peak pricing mechanisms [25-29], pricing and load 
control [30-32] and price and customer perception [33, 34]. There have been other 
studies which investigated voluntary load shedding [35], battery storage [36] and the 
impact of photovoltaics on a building’s peak load [37]. Lutzenhiser [38], however, 
found that targeting economic variables or psychological variables in isolation can 
only achieve limited and short-term success in affecting behavioural change.  
3.1.3 The call for a multi-disciplinary approach 
There has been no single disciplinary program that has proved reliably successful in 
understanding energy consuming behaviour or as an intervention in addressing 
energy conservation [3, 11, 14]. It has been suggested that this failure of numerous 
theories and interventions is not unexpected given that the supply and demand of 
electricity exists within a very complex system that has lots of component parts that 
cannot be reduced to simple explanations or policy approaches [39]. As a result, 
there has been a growing call for integrated approaches of analysis of residential 
energy consumption in order to address the multifaceted challenges of energy policy 
and achieve more realistic and wide-ranging understanding of energy consumption 
than provided by single disciplinary studies [3, 11, 14, 38]. In a review of home 
energy consumption research over 30 years, Crosbie [40] found that there needs to be 
an integration of quantitatively based behaviour modelling with more recent socio-
technical qualitative studies. She suggested that research will be most powerful if 
nuanced and detailed sociological and ethnographic accounts of consumers’ 
everyday practices are combined with longitudinal and detailed measurements 
associated with consumer and behaviour work. Other researchers have also 
advocated the assimilation of socio-technical models with individual behaviour based 
ones [14]. The lack of progress towards a multi-disciplinary model, however, has 
been said to be due to past integrated studies dealing more with small scale issues 
thereby restricting insight at a larger scale [11] and the entrenched theoretical 
preferences of the various disciplines [14, 38]. Nevertheless, there have been 
examples of progress towards integrated models including, the behavioural model 
[41], the model of environmentally significant behaviour [42], the multigenic model 
[43], an agent based integrated framework [11], the energy cultures framework [3] 
and the three dimensional energy profile framework [44].  
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Despite evidence of poor performance of physical-technical and economic (PTE) 
models they continue to dominate energy analysis and influence policy makers [44]. 
PTE models are based on “the twin technical and economic logics of proven, 
replicable, science and idealised consumer behaviour” [45, p. 647]. However, the 
outcomes of human behaviour and natural systems are often uncertain and complex 
and require a different approach to one strictly based on logic and structure [46, 47]. 
There are factors other than financial economy which heavily influence residential 
energy consumption and these include infrastructure and the built environment, 
technology possibilities and social norms [48]. The human dimension of energy use 
plays a significant role and yet has been largely overlooked in comparison to PTE 
models [49]. The everyday processes of energy use involve complex social, cognitive 
and behavioural processes which are not well understood [11, 16, 38, 48]. While 
there have been numerous theories, including the diffusion of innovation model, 
cognitive dissonance and theory of planned behaviour, which have been successfully 
applied to explain human choices in a wide variety of contexts, these same theories 
have not been widely used in the energy field [44]. Ongoing improvement of multi-
disciplinary approaches is needed to ensure their credibility and to make them a 
feasible alternative to existing physical-technical and economic based decision 
making models [11].  
Studying and modelling human behaviour sets consumption as an individual 
behaviour which implies that people make completely sovereign choices, thereby 
discounting the effect of social expectations such as those relating to proper care of 
the family, definitions of comfort and healthy living and presumed social 
expectations of guests [50]. According to anthropologists and sociologists, energy 
models should consider the social context of individual actions because they believe 
that human behaviour is social and collective [38]. They have studied people’s 
everyday practices, (such as bathing, cleaning, cooking) and used the findings to 
explore how these practices affect energy use. Anthropologists and sociologists 
consider individual choices to be determined by technological and social systems and 
for any change in energy use to be the result of a wider social change. This was 
clearly highlighted in Shove’s [51] text where she outlined and critiqued the 
pervasive nature and role of technology practitioners and designers in affecting, 
validating, refining and re-creating consumption norms especially in the home where 
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consumption practices are very much entwined in concepts of cleanliness and 
comfort.  
Electricity demand appears to be deeply rooted in the whole supply chain for 
electricity services [52, 53] and the social normality of cleanliness, convenience and 
comfort [51]. Such powerful social norms obviously affect the influence of 
interventions to change residential energy use behaviour. The attraction of mass 
population behaviour change has brought some scholars [e.g. 3, 11, 14, 38] to the 
view that a multi-disciplinary approach has the greatest potential for success at the 
broader level. An integrated approach to the multi-faceted challenge of behaviour 
change can apply specialist discipline expertise while recognising the issue’s larger 
and more complex context [11].  
3.1.4 Working with complex systems to develop reality based strategies 
As mentioned above, the outcomes of human behaviour and natural systems are often 
uncertain and complex and require a different approach to one strictly based on logic 
and structure [46, 47]. Complexity arises where the network of factors affecting the 
system and its interactions are so involved that it is impossible to track the resultant 
processes including features such as self-organisation and emergent behaviour [47]. 
This is the basis of complexity science and system dynamic modelling. People tend 
to invoke a set of mental models to solve problems that consistently underestimate a 
problem’s complexity and the interaction of feedback mechanisms [54]. Therefore, 
formal, structural models for managing complex systems have been developed using 
complexity science and system dynamic thinking, where reinforcing and balancing 
continuous feedback loops are a fundamental building block of the system [55-58]. 
System dynamic modelling is particularly useful for studying interacting elements 
within complex systems on a broad-scale [58] and as the model is accomplished a 
theoretical statement is created through incorporating hypotheses about causal 
connections and the outcomes of their interactions [57]. It is often beneficial to 
structure the system so that it can be manipulated computationally [58]. This may 
require feedback to be implemented by sequential repetition of a hierarchical 
framework representing the system.  
Although not widely adopted as theory and practice in management and strategy 
[47], these models have proved successful in helping to avoid policy resistance and 
in identifying high-leverage policies for sustained improvement [55] as well as 
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improving outcomes and learning within and about the system [54, 59, 60]. 
Incorporating ideas from complexity science, system dynamic modelling and human 
behaviour have been shown to achieve better outcomes in a range of fields [46].  
As identified above, demand for electricity is part of a very complex system affected 
by numerous influences and processes (e.g., environmental, physical-technical, social 
and economic), either directly related to the consumer or their environment. These 
influences and processes are complex systems in their own right, which impact on 
and interact with each other to affect residential electricity demand. Their impact can 
result in emergent behaviour being exhibited, since intervening in one part of the 
system can have unintended and quite extreme effects in a quite unrelated part of the 
system. It is therefore necessary to be able to rigorously assess the inter-relationship 
and impact of current environmental, social, physical-technical and economic 
variables on residential electricity demand, to be able to model likely future scenarios 
and possible outcomes of strategies which might be adopted to ensure electricity 
supply at peak times. This requires a tool which can model complexity within and 
between systems and model how changes in one element might flow on to others. 
Only then, can strategies for peak demand management be developed with reduced 
risk of unintended negative consequences and the greatest likelihood for success.  
It has been suggested that any attempt to change electricity use behaviour needs to 
influence the socio-technical system to be successful [61] and Crosbie (2006) has 
called for an approach which combines qualitative and quantitative socio-technical 
research with complex system modelling. This paper discusses the application of a 
complex systems model designed to incorporate the socio-technical aspects of the 
system populated with both qualitative and quantitative data specifically to address 
residential peak electricity demand. Given the level of complexity of energy related 
behaviour, it is proposed, that residential energy demand could benefit from 
exploring concepts of human behaviour, system dynamics and complexity science 
that acknowledge or recognise interacting factors and processes to better understand 
and research peak energy demand and then be able to use this understanding for 
designing and evaluating interventions to achieve more reliably successful outcomes 
of peak demand energy reduction. The framework presented in Figure 3.1 has been 
designed to model the complexity within and between systems and indicate how 
changes in one element might flow on to others. This is to achieve the dual functions 
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of better understanding energy consumption of different types of households, the 
factors that impact on residential energy demand at peak times and therefore obtain a 
better understanding of peak demand behaviour and secondly, as a means with which 
to design and evaluate interventions as integrated and effective solutions to the 
problem of residential peak energy demand. As Wilson and Dowlatabadi [14] point 
out, these are two distinct functions that pull in different directions where 
completeness and complexity are needed to understand behaviour and where 
simplicity and parsimony are required for interventions and one may not be readily 
applicable to the other. The current model is designed to address these two distinct 
functions.  
3.2 Method - Building the model 
3.2.1. Background 
This research was part of a larger study looking at Electricity Demand Side 
Management: Models, Optimisation and Customer Engagement. The aim was to 
facilitate identification of critical factors and control points in the complex 
interactions between technical and social components affecting residential energy 
demand and in the evaluation of scenarios. The objectives of the initial stages of the 
project were to bring together disparate knowledge from a wide variety of sources 
including other research, raw data from consumer focus group research undertaken 
by the state based and owned utility and to create a ‘conceptual map’ of the social 
and technical drivers. This paper relates to the creation of the ‘conceptual map’ that 
would drive and underpin the whole project. No separate ethical approval was 
obtained for this project as members of the project team (staff from Queensland 
University of Technology and Ergon Energy) were the only participants involved in 
the development of the model. The staff involved provided informed consent through 
the contractual arrangement of the project.  
3.2.2. The Model Building Process 
Model building of complex issues requires effective planning and execution sessions 
that engage key stakeholders and manage any conflict productively [54]. Therefore, 
the first step in developing our model was to establish an expert committee (key 
stakeholders) formed by members of the research project team including academic 
and industry social scientists, engineers, mathematicians and statisticians. The key 
stakeholders of the project interacted in several group model-building sessions where 
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the issue and the purpose of the project problem of residential peak energy demand 
were extensively discussed and crafted in dialogue within the group through face to 
face meetings and through email exchange. These preliminary statements were 
discussed, changed and finally agreed upon before the first meeting of model 
development. Initially, our model was based on the integrative models developed by 
Van Raaij and Verhallen [41] and Keirstead [11]. These models were circulated via 
email prior to the first meeting and then again in hard copy at the first meeting as a 
starting point of model development to address the specific problem issue of 
residential peak energy demand. At the first workshop meeting the expert committee 
were ‘walked through’ these models and then together the group over several 
subsequent face to face meetings undertook the process of mapping out our model.  
During the process of the face to face workshop meetings, the expert committee were 
informed by a comprehensive review of empirical research and results of industry led 
customer research. The subsequent workshop meetings were predominately 
theoretical sessions for practical trial where the reflections provided led to iterative 
improvements of early model versions and to the identification of additional data 
requirements. The ongoing iteration of the model framework was circulated within 
the group in graphical format. Graphical representation of the evolving model 
simplified participatory development with stakeholders and information sessions 
with staff of the industry partner. At each stage the model was assessed by the group 
to ensure that the system was being accurately represented with causal loop 
modelling being undertaken on an ongoing basis during the model development. 
Feedback polarity between the variables was identified and understanding of the 
causal structure was critical to the continuing development. These sessions helped to 
frame and test the model as well as preform policy, scenario and consequence 
analyses. Policy, scenario and consequence testing was undertaken in the form of a 
‘what if’ style of analysis. One major benefit of this exercise was the shared 
understanding of the influences on and of peak energy demand, from a supply and 
demand perspective and the complexity of their inter-relationship. During the whole 
process communication and process facilitation was a priority in order to achieve a 
model that accurately reflected and explained residential consumer peak energy 
demand.  
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The modelling method followed standard good modelling practice as identified by 
Hovmand and colleagues [54] and others [55, 58, 62]. The model evolved in the form 
of a discourse, in which different key project stakeholders were involved. What kept 
the discourse going was the model in its various stages built by the group. The 
process undertaken involved a non-linear sequence from assumptions to review of 
empirical evidence to hypotheses. The process was iterative and the iterations 
occurred between the steps of procedure. These actions led to a deeper understanding 
of the model structure and the causal and inter-relationship between each theme 
within the model, the system’s structure and consumer behaviour. These tests also 
helped to refine and adjust the model and strengthen analyses. This whole process 
established the model’s credibility and nurtured a sense of ownership in the model 
within the group.  
3.3 Results 
Figure 3.1. The residential electricity peak demand model 
3.3.1. The residential electricity peak demand model 
The Residential Electricity Peak Demand model depicted in Figure 3.1 has been 
developed identifying the factors as themes with indicators that lie within each of 
them. The themes of the model can be described as interlinked components within 
the core groups of propensity to change (see Figure 3.2), change management 
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options (see Figure 3.3), appliances (see Figure 3.4) and finally the combination of 
these themes (see Figure 3.5) to affect residential peak demand. Feedback is 
implemented conceptually by time-slicing and sequential repetition. The causal 
relationships between the themes lead to the model behaviour patterns.  
Given the economic and environmental impacts of high levels of electricity 
consumption, this model attempts to understand how the social, together with the 
technical and environmental factors interact to affect expansion and contraction in 
electricity demand during network peaks.  
The physical characteristics of the built environment and appliances are an important 
focus of this model as are the technical, economic and human behavioural aspects of 
energy consumption. The current model considers expansion or contraction in energy 
demand as being shaped from an inter-play between all of these 
aspects/characteristics. Unlike past research, this model does not exaggerate the 
importance of energy prices and technological solutions at the expensive of social 
action and non-economic influences. 
Figure 3.2. Residential electricity peak demand model with the Propensity to change theme highlighted 
3.3.2. Propensity to change – Social theme characteristics  
The social characteristics are outlined within the propensity to change grouping of 
the model and highlighted in Figure3. 2. Customer-industry engagement falls within 
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two groupings. The model outlines customer-industry engagement in the hierarchical 
relationship with trust and knowledge and it is also depicted in the change 
management grouping. The inter-relationship of customer-industry engagement 
across both groups is such that it is difficult to isolate it without significant 
redundancy of message in the discussion of both sections. Therefore, its application 
will be discussed within this section – the social theme characteristics.  
Parag and Darby [63] highlighted the importance of trust in the relationships between 
residential consumers, the government and electricity suppliers and asserted that the 
combination of a lack of consumer trust and loyalty in suppliers, a lack of obligation 
by consumers to reduce their energy demand and price based competition between 
suppliers (promoted by the government regulator) has been problematic in 
addressing the issue of energy demand reduction. They suggested Hardin’s concept 
of trust as ‘encapsulated interest’ on the basis that limited trust does exist between 
suppliers and consumers as they need one another with the government having the 
important role of shaping common goals and providing incentives that align some of 
the supplier and consumer interests [63-65]. A lack of trustworthiness makes it 
difficult to deliver messages related to values and therefore increase consumer 
knowledge of energy consumption and peak demand. The public are often wary of 
politicians’ intentions and mistrust mass media and industry sources of information 
[66, 67]. Due to this intrinsic suspicion, consumers can be disbelieving of energy 
saving objectives developed and promoted by government, business and industry 
[38].  
People know little of their energy use related to their behaviour [15] and it has been 
argued that a deeper knowledge of everyday energy consumption activities makes 
everyday life more sustainable [68]. It has been suggested that without complete 
information, consumers are imperfectly rational [69] but that with full information, 
consumers would maximise utility for money spent and therefore act rationally [70]. 
However, residential energy consumption is less tangible and requires less active 
engagement than other forms of consumption, e.g. fuelling a car or topping up credit 
on a phone. In Australia, an un-itemised and non-visual quarterly electricity bill is 
the only electricity consumption information many consumers receive [71]. The 
extent of the information provided on these bills has been compared to driving a car 
without knowing the volume or price of the fuel consumed [72]. This lack of 
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information has become a significant issue in Australia due to residential electricity 
prices increasing by more than 110 per cent in the last five years with a further 
projected increase of seven per cent for 2014-2015 [73]. 
Studies of houses occupied by demographically similar families have reported large 
(between 200-300%) variations in energy use [74-76]. Type of dwelling, urban/rural 
location, size, ownership, tenure, attributes of the occupants including the number 
residing in the residence, their ages, income and occupancy patterns had differing but 
significant effect on electricity consumption [77-79]. They found a strong correlation 
between floor area and consumption and while greater floor area is more affordable 
to higher income households and leads to greater electricity use, the pattern of use is 
different between income groups with the daily demand profile being 60% larger and 
the evening profile being 100% larger [77]. Differences among ethnic groups in 
family size, housing characteristics and appliance holdings certainly influence 
consumption differences [12, 38, 79] and this model is designed to assign appropriate 
weights to the various components of consumption.  
The effects of contextual factors on environmental sensitivity and growing 
environmentalism can be linked to opinions about energy [80, 81]. From the 1970s to 
early 1980s energy and environmental concerns had public attention, this waned in 
the 1980s and regained interest in the 1990s [82, 83]. However, the public’s 
conception of the complex connections between environment, energy and policy are 
not clearly understood [84, 85]. Cultural values such as ‘reducing waste and carbon 
footprint’, ‘being green’, ‘being independent’ or injunctive norms that somehow 
indicate what is commonly socially acceptable (or unacceptable) within a certain 
culture can result in significant energy reduction [38, 86].  
The role of habit in energy consumption has often been overlooked by energy 
researchers [87] even though people do many daily tasks like using electricity 
according to routines without any or little conscious thought [88]. Cultural practice 
of people’s routine activities such as bathing, cleaning, cooking establishes the habits 
of home energy consumption. As mentioned above, residential energy use is variable 
and changeable and therefore not generalisable across demographic groupings or 
cultures [88]. Sociocultural norms along with technology affordances, the built and 
natural environment and infrastructure heavily influence personal and domestic 
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consumption [48]. Appliance specific behaviour appears to vary in ways associated 
with cultural and lifestyle differences between households [12, 89, 90]. 
 
Figure 3.3. Residential electricity peak demand model with the Change management options theme 
highlighted 
3.3.3. Change management options  
The change management options grouping of the model incorporates technical-
economic characteristics. These characteristics are usually set through the retail 
market or government policy and the effects of energy policy and why policy 
preferences change over time – before and after policy implementation need to be 
analysed [87].  
Energy conservation and efficiency have been the focus of energy policy of many 
western governments and utility retail markets since the oil embargos and price 
spikes of the 1970s. Energy efficiency and energy conservation are often covered 
together in studies [see for example, 91, 92-95]. In a recent paper, Croucher [96] 
differentiated between energy efficiency and energy conservation, identifying them 
as separate but interrelated ways of aiming to reduce electricity consumption. Energy 
efficiency typically involves reducing the electricity-intensive nature of the 
production process thus attempting to adjust input requirements for a particular 
output or consumption decision whilst energy conservation concentrates on 
decreasing the total amount of goods and services consumed, which then decreases 
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the amount of electricity needed [96]. While the depiction of energy efficiency is 
complex there have been measurable improvements in the energy efficiency of 
buildings, residential appliances and equipment and in research funding and 
development of all energy efficiency technologies with these technologies playing a 
dominant role in future policy development and implementation [94]. Energy 
conservation measures, however, are said to “fall foul” to consumer surplus as 
foregone satisfaction associated with energy conservation is said to increase as 
consumers engage in more and more energy conservation measures thereby placing 
limits on the effectiveness of energy conservation programs [96].  
Investigating electricity consumption in terms of both price optimisation to industry 
and consumers and seeking answers other than direct pricing has been the pursuit of 
economic researchers. The goal has been to assist public policy and regulation in 
creating energy markets that are beneficial for the community in the long term. 
Based upon the notion that people attempt to maximise their satisfaction with all 
given knowledge, economic models seek to understand how energy prices, income, 
expenditure and taxes affect energy consumption [27, 78, 92, 97, 98]. Rational 
economic models, however, have failed to predict how consumers will respond to 
economic incentives to reduce consumption and conserve energy. The difference 
between actual consumer behaviour and rational economic efficiency has been 
labelled the ‘energy gap’ [97]. The energy gap is said to be the result of two failures 
– market and non-market [99]. Market failure is said to occur when there is a lack of 
information about the full cost of each consumption decision, knowledge about 
which appliances are the most efficient and when the principal user is not paying for 
the electricity directly. Non-market failure includes social factors such as preferences 
for particular cleaning practices or appliances, e.g. using hot water for washing 
clothes and or choosing incandescent lights over LED or fluorescent. It can also 
include uncertainty about future energy prices [99]. Economic conceptualisation in 
explaining and modelling human behaviour and energy use, as Keirstead [11] has 
previously indicated, is insufficient and yet there has been heavy reliance on 
economic theories which has misinformed policies and mislead analysis away from 
social and psychological factors [100]. 
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Figure 3.4. Residential electricity peak demand model with the physical environment theme highlighted 
3.3.4. Appliances – Natural and built environment characteristics 
The importance of acknowledging and accounting for the impact of the physical or 
natural environment on residential peak energy demand can be linked to evidence of 
environmental conditions, such as the weather, having a strong effect on appliance 
use. Analysis of appliance use in Australian homes demonstrated some form of 
weather sensitivity with the relationship between outdoor weather and individual 
appliance energy consumption consistently stronger in the cooling season (summer) 
than the heating season (winter) [101]. In a study undertaken in Northern Ireland, 
researchers found that average winter consumption exceeded the average summer 
consumption [77]. The difference in the findings can be attributed to geographical 
variation with the Hart and de Dear study being undertaken in the southern 
hemisphere where summers are more severe than winters in terms of residents’ 
comfort levels. The Yohanis and colleagues’ study was undertaken in the northern 
hemisphere where residents’ comfort levels are more challenged in winter than 
summer. In an Indian study where the summers are very hot, it was found that price 
elasticity was significantly lower in summer rendering future price increase policy on 
appliance use and hence energy use ineffective in reducing future demand [79]. The 
current model also requires analysis of the residential built environment and 
appliances recognising there has been considerable variation in average consumption 
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and load shapes for different appliances and building systems [102]. There is 
considerable variability in location, style, size, age of housing stock and degree of 
energy saving features such as insulation with a clear correlation being found 
between floor area and average annual electricity consumption [77, 103]. There is 
also substantial variability in number, style, size, age and type of appliances with 
strong upward demand trends in several areas of household consumption including 
expanded use of air-conditioning, the purchase of a broader range and greater 
number of household appliances and increased per capita use of hot water [104]. 
Purchasing more efficient appliances and changes In the use of appliances can have a 
significant effect on energy consumption [104]. Renovations and new house 
efficiencies have been two areas of considerable energy-efficiency policy and 
research attention [14, 105]. The model allows or encourages analysis of how 
residential consumer behaviour interacts with the natural and built environments and 
appliances to influence energy consumption.  
 
Figure 3.5. Residential electricity peak demand model with the grouping of appliance usage and network 
peak demand 
3.4 Discussion: Appliance usage and network peak demand – Bringing it 
altogether 
This model addresses the heterogeneity of the different end-users with respect to 
both technical and social components. It incorporates the social components that 
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affect propensity to change, the change management options relating to the retail 
market and government along with the physical environment of the weather, 
appliance ownership, built environment floor space and the like. All of this then 
culminates into assessment of the appliance usage and its effect on network peak 
demand. Our model illustrates that energy policies, namely on effective peak energy 
consumption reduction, should focus specific drivers behind each end-use on both 
technological and social factors in addressing appliance usage and peak demand. 
There are multiple, time varying factors that impact electricity demand in Australia’s 
residential sector and our model has been developed as a means to examine this 
complexity. Also, the model is comprised of themes that are networked together in a 
way that captures each theme’s influence, impact or association with other themes in 
the network. It is possible to see each variable separately as different factors impact 
on a consumer’s desire or ability to reduce or shift electricity consumption. The 
number of variables targeted must be responsive to the heterogeneity and complexity 
of the system. For this reason, we have adopted complexity science and system 
dynamic theory and modelling to understand the factors that impact on reducing or 
shifting consumer demand in peak times. The selection of themes and the value that 
is assigned is made with the aid of research and some reasonably confident 
assumptions of the system through expert opinion and discussion, thus, 
demonstrating an integrated, cross-disciplinary approach. By adopting a more multi-
disciplinary approach to affect on-going change it gives a more coherent picture of 
the problem being addressed allowing for robust policy decisions to be made. 
To develop this model, internal stakeholders were actively consulted. Through active 
stakeholder engagement, the model was enhanced by stakeholders’ knowledge and 
understanding of peak demand management and its dynamics under various 
conditions. It was a process of collaborative learning which identified and clarified 
the impacts of solutions to the problem of residential peak demand management 
which supports decision making and policy development. The process undertaken 
has deepened our understanding of the connections between the model’s structure 
and its dynamic behaviour adding substance to intuitions or providing confidence in 
discounting or discarding them altogether. Obtaining great insight and understanding 
of the problem appears to be a robust outcome of system dynamics group model 
building [60, 106]. The effective learning transpires as group participants tackle 
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complex issues and become actively engaged in building the system dynamics group 
model [62].  
The model has been developed through a group model building process as a systems 
model of the problem situation. It is based on past efforts of proposing models 
designed to aid our understanding of the effects on residential peak energy demand in 
a systematic and comprehensive way. There has been the opportunity to source 
converging evidence of key issues and agreed measures of important variables. The 
model has been designed to incorporate the socio-technical aspects of the system in 
order to identify the action required to address the sustainability of electricity supply 
in the residential sector during times of network peaks.  
3.4.1. Theoretical significance 
As discussed above, there have been multiple interventions developed by various 
disciplines (including technology, economics, psychology and social science) in the 
last 40 years. Whilst these disciplines have made significant contributions to 
intervention knowledge individually, there have been calls for a multi-disciplinary 
approach [11, 14]. This research will make a major contribution as it incorporates a 
multi-disciplinary focus to the investigation of the factors that impact residential 
peak electricity demand and influence conservation behaviour or load shifting of 
electricity demand during peak times.  
During the modelling process, theories appeared on a continuing basis as sets of 
hypotheses that explain the inter-relationship between the dependent variables within 
the model and how these variables are likely to behave with the introduction of a 
particular intervention (the independent variable). Theories emerged because they 
were, in principle, the stronger options chosen. It has been suggested that the basic 
value of a properly constructed model is that it embodies propositions which can be 
refuted, has explicit underlying assumptions, operationalises the variables and 
parameters and undertakes adequate procedures of model validation [55, 106, 107]. 
We are confident that we address all of these criteria with our model and that we 
have captured a highly developed system structure that can be used not only to 
understand the local case that precipitated the model’s development but also for any 
peak energy demand problem or issue more broadly. We believe that this model 
generates middle-range theory as it lies between the minor but necessary working 
hypotheses that evolved during day to day research and the all-inclusive systematic 
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efforts to develop a unified theory that explains all the observed uniformities of 
social behaviour, social organisation and social change as outlined by Merton in 
Schwaninger and Grösser [57].  
This paper highlights the potential that multilevel and spatial modelling approaches 
hold for understanding determinants of peak energy demand. Multilevel models 
separate the variation in an outcome into individual and group or area-level 
components [108]. The adopted approach was very flexible in terms of 
accommodating different types of variables and increasing model complexity and the 
model enables comparison of the influence of household-level covariates and 
community and state level contextual effects on electricity peak demand and to 
assess different strategies to abate peak energy demand. Because of the adopted 
approach and its design, the model has facility to classify the comparative roles and 
interactions of, and links between, various disciplines to fully investigate the research 
problem. It is expected that the model will provide a means for integration of 
research outcomes from our multi-disciplinary approach. The outcome of interest is 
the peak demand reduction. It is envisaged that this multi-level modelling approach 
has potential for understanding the determinants that affect or influence electricity 
demand in peak periods.  
3.4.2. Practical significance 
This model builds on the work of previous frameworks and models developed by 
Van Raaij and Verhallen [41], Stephenson and colleagues [3] and Keirstead [11]. 
The current model differs from previous examples in that it has been specifically 
designed to tackle peak energy demand. Another point of difference is the model’s 
development with expert opinion informed by experience and published research. 
The iterative process led to a deeper understanding of the connections between the 
model’s structure and its dynamic nature resulting in greater insight and 
understanding of the peak energy demand problem for the utility and opportunities 
for its solution. The Residential Electricity Peak Demand Model allows for variation 
and selection where options are created and tested providing the opportunity to see 
how particular interventions might work. An intervention is a complex system in 
itself, consisting of a number of elements together and, in interaction, producing the 
outcome of the intervention. The Residential Electricity Peak Demand Model 
considers the issue of behaviour and its numerous manifestations by allowing for the 
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effects of exchanges between culture and energy practices, socio-demographics, 
trust, knowledge, environmental sensitivity and demographics. The current model 
accounts for a variety of influences of behaviour, through the modelling of the 
interactions between the core nodes of behaviour and more extensive technical, 
social and structural effects. The model is fluid in nature accommodating variation 
and evolution rather than viewing decisions as inevitable. It accounts for the broader 
structural powers of the economy, environment and society without assigning total 
governance of these powers over residential consumer behaviour. The model allows 
for exploration of the different nodes to identify opportunity and likely impact for 
any intervention to achieve behavioural change in reducing peak electricity demand. 
This research will facilitate future development of conservation and peak demand 
reduction innovation and policy tools to improve outcomes for diverse stakeholders, 
including long-term energy security, avoiding over-capitalisation in the electricity 
network and lower electricity bills for consumers. If conservation and peak demand 
reduction interventions prove successful across all consumer groups, the Queensland 
Government forecasts that by 2020, a conservation and peak demand reduction 
program has the potential to deliver a reduction in Queensland peak electricity 
demand of over 1,100 megawatts and $4 billion in electricity infrastructure capital 
expenditure, energy savings of over 22,220 gigawatt hours, greenhouse gas 
emissions savings of over 23,200 kilotonnes, and water savings from reduced 
electricity generation of over 42,200 megalitres [4]. 
3.5 Conclusion 
The most important goal of this study was for system improvement in dealing with 
residential peak energy demand. The factors that affect residential peak electricity 
demand are complex and require a dynamic model to optimise the diagnosis and 
strategy development to manage it. This paper details a dynamic object-oriented 
model to formalise the complex dynamic system which is residential peak demand. 
The model has undergone many iterations of evaluation to determine its general 
reliability and the merit and impact of each of the factors incorporated within the 
model. The real value of this model is in utilising the a priori knowledge of previous 
implementations detailed in literature and the expert knowledge of the internal 
stakeholders who made significant contribution during its development.  
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The model building process was helpful in creating awareness, understanding and 
insight into the complexity of residential peak energy demand and in being able to 
identify and integrate the social, technical and change management option themes 
and their impact on appliance usage and residential energy demand at peak times. 
Discerning which methods work best for particular problems is an area for future 
research but one that will require clear understanding of the complexity of the 
problem. This paper makes a contribution to this field by outlining an integrated 
approach for addressing residential peak energy demand. 
 Chapter 4: Systems Modelling of Network Peak Demand 45 
3.6 References 
1. Mazur A. Energy and electricity in industrial nations: The sociology and technology of energy. 
Hoboken: Taylor and Francis; 2013. 249 p. 
2. Hinrichs RA, Kleinbach MH. Energy: Its use and the environment. 5th ed. Boston, MA: Brooks/Cole; 
2013. 624 p. 
3. Stephenson J, Barton B, Carrington G, Gnoth D, Lawson R, Thorsnes P. Energy cultures: a 
framework for understanding energy behaviours. Energy policy. 2010; 38(10):6120–9. 
4. Department of Employment Economic Development and Innovation. Energy conservation and 
demand management program. 2009. 
5. Weron R, Przybyłowicz B. Hurst analysis of electricity price dynamics. Physica A: Statistical 
Mechanics and its Applications. 2000; 283(3–4):462–8. 
6. Giannakis D, Jamasb T, Pollitt M. Benchmarking and incentive regulation of quality of service: an 
application to the UK electricity distribution networks. Energy Policy. 2005; 33(17):2256–71. 
7. Strengers Y. Peak electricity demand and social practice theories: Reframing the role of change 
agents in the energy sector. Energy Policy. 2012; 44:226–34. 
8. Gellings CW, Yeager KE. Transforming the Electric Infrastructure. Physics Today. 2004; 57(12):45–
51. 
9. Georgopoulou E, Lalas D, Papagiannakis L. A multicriteria decision aid approach for energy 
planning problems: the case of renewable energy option. European Journal of Operational 
Research. 1997; 103(1):38–54. 
10. Risheng F, Hill D. A new strategy for transmission expansion in competitive electricity markets. 
IEEE Transactions on Power Systems. 2003; 18(1):374–80. 
11. Keirstead J. Evaluating the applicability of integrated domestic energy consumption frameworks 
in the UK. Energy policy. 2006; 34(17):3065–77. 
12. Lutzenhiser L. A cultural model of household energy consumption. Energy. 1992; 17(1):47–60. 
13. Wilson C, Price C. Do consumers switch to the best supplier? Oxford Economic Papers. 2010; 62 
(4):647–68. 
14. Wilson C, Dowlatabadi H. Models of decision making and residential energy use. Annual Review 
of Environment and Resources. 2007; 32(1):169–203. 
15. Steg L. Promoting household energy conservation. Energy Policy. 2008; 36(12):4449–53. 
16. Pyrko J, Darby S. Conditions of energy efficient behaviour: a comparative study between Sweden 
and the UK. Energy Efficiency. 2011; 4(3):393–408. 
17. Brown M. Market failures and barriers as a basis for clean energy policies. Energy Policy. 2001; 29 
(14):1197. 
18. Dietz T, Fitzgerald A, Shwom R. Environmental values. Annual Review of Environment and 
Resources. 2005; 30:335–72. 
19. Stern PC. New environmental theories: toward a coherent theory of environmentally significant 
behavior. Journal of Social Issues. 2000; 56(3):407–24. 
20. Parker P, Rowlands IH, Scott D. Innovations to reduce residential energy use and carbon 
emissions: an integrated approach. Canadian Geographer. 2003; 47(2):169–84. 
21. Stern N. The economics of climate change. The American Economic Review. 2008; 98(2):1–37. 
22. Kirshen P, Ruth M, Anderson W. Interdependencies of urban climate change impacts and 
adaptation strategies: a case study of Metropolitan Boston USA. Climatic Change. 2008; 86(1–
2):105–22. 
23. Miller NL, Hayhoe K, Jin J, Auffhammer M. Climate, extreme heat, and electricity demand in 
california. 2008. 
24. Poortinga W, Steg L, Vlek C. Values, environmental concern, and environmental behavior: a study 
into household energy use. Environment and Behavior. 2004; 36(1):70–93. 
25. Herter K. Residential implementation of critical-peak pricing of electricity. Energy Policy. 2007; 35 
(4):2121–30. 
26. Herter K, McAuliffe P, Rosenfeld A. An exploratory analysis of California residential customer 
response to critical peak pricing of electricity. Energy. 2007; 32(1):25–34. 
27. Filippini M. Short- and long-run time-of-use price elasticities in Swiss residential electricity 
demand. Energy Policy. 2011; 39(10):5811–7. PMID: 21976785 
28. Torriti J. Price-based demand side management: assessing the impacts of time-of-use tariffs on 
residential electricity demand and peak shifting in Northern Italy. Energy. 2012; 44(1):576–83. 
46 Chapter 4: Systems Modelling of Network Peak Demand 
29. Albadi MH, El-Saadany EF, editors. Demand response in electricity markets: An overview2007 24–
28 June; Tampa, FL: IEEE. 
30. Herter K, Wayland S. Residential response to critical-peak pricing of electricity: California
evidence. Energy. 2010; 35(4):1561–7. 
31. Newsham GR, Bowker BG. The effect of utility time-varying pricing and load control strategies on
residential summer peak electricity use: a review. Energy Policy. 2010; 38(7):3289–96. doi: 
10.1021/ic902276a PMID: 20201532 
32. Kishore S, Snyder LV, editors. Control mechanisms for residential electricity demand in
SmartGrids. SmartGridComm: First IEEE international conference on smart grid 
communications; 2010 4–6 Oct.; Gaithersburg, MD 
33. Bartusch C, Wallin F, Odlare M, Vassileva I, Wester L. Introducing a demand-based electricity
distribution tariff in the residential sector: demand response and customer perception. 
Energy Policy. 2011; 39(9):5008–25. 
34. Heberlein TA, Warriner GK. The influence of price and attitude on shifting residential electricity
consumption from on- to off-peak periods. Journal of Economic Psychology. 1983; 4(1–
2):107–30. 
35. Gyamfi S, Krumdieck S. Price, environment and security: exploring multi-modal motivation in
voluntary residential peak demand response. Energy Policy. 2011; 39(5):2993–3004. 
36. Leadbetter J, Swan L. Battery storage system for residential electricity peak demand shaving.
Energy and Buildings. 2012; 55(0):685–92. 
37. Sadineni SB, Atallah F, Boehm RF. Impact of roof integrated PV orientation on the residential
electricity peak demand. Applied Energy. 2012; 92(0):204–10. 
38. Lutzenhiser L. Social and behavioural aspects of energy use. Annual Review of Energy and the
Environment. 1993; 18:247–89. 
39. Lutzenhiser L, editor Setting the stage: Why behavior is important for California Senate legislation
development related to a California Climate Change Research Institute2008 10 June; 
Sacramento, CA. 
40. Crosbie T. Household energy studies: the gap between theory and method. Energy &
Environment. 2006; 17(5):735–53. 
41. Van Raaij WF, Verhallen TMM. A behavioral model of residential energy use. Journal of Economic
Psychology. 1983; 3(1):39–63. 
42. Stern PC. Toward a coherent theory of environmentally significant behavior. Journal of Social
Issues. 2000; 56(3):407–24. 
43. Wilk R. Consumption, human needs, and global environmental change. Global Environmental
Change. 2002; 12(1):5–13. 
44. Kowsari R, Zerriffi H. Three dimensional energy profile: a conceptual framework for assessing
household energy use. Energy Policy. 2011; 39(12):7505–17. 
45. Guy S. Designing urban knowledge: competing perspectives on energy and buildings.
Environment and Planning C: Government and Policy. 2006; 24(5):645–59. 
46. Snowden DJ. Complex acts of knowing: paradox and descriptive self-awareness. Journal of
Knowledge Management,. 2002; 6(2):100–11. 
47. Kurtz CF, Snowden DJ. The new dynamics of strategy: sense-making in a complex and
complicated world. IBM Systems Journal. 2003; 42(3):462. 
48. Wilhite H, Shove E, Lutzenhiser L, Kempton W. The legacy of twenty years of energy demand
management: we know more about individual behaviour but next to nothing about demand. 
Advances in Global Change Research: Society, Behaviour, and Climate Change Mitigation. 
2003; 8:109–26. 
49. United States. Congress. House. Committee on Science and Technology. Subcommittee on
Research and Science Education. The contribution of the social sciences to the energy 
challenge: hearing before the Subcommittee on Research and Science Education, Committee 
on Science and Technology, House of Representatives, One Hundred Tenth Congress, first 
session, September 25, 2007 Washington DC: 2007 Contract No.: 110–55. 
50. Hazas M, Friday A, Scott J. Look back before leaping forward: four decades of domestic energy
inquiry. IEEE Pervasive Computing. 2011; 10(1):13–9. 
51. Shove E. Comfort, cleanliness, and convenience: The social organisation of normality. Oxford:
Berg; 2003. 221 p. 
Chapter 4: Systems Modelling of Network Peak Demand 47 
52. van Vliet B, Chappells H, Shove E. Infrastructures of consumption: Environmental innovation in
the utility industries. London: Earthscan; 2005. 130 p. 
53. Defeuilley C. Retail competition in electricity markets. Energy Policy. 2009; 37(2):377–86.
54. Hovmand PS, Andersen DF, Rouwette E, Richardson GP, Rux K, Calhoun A. Group model-building
‘scripts’ as a collaborative planning tool. Systems Research and Behavioral Science. 2012; 
29(2): 179–93. 
55. Sterman JD. All models are wrong: reflections on becoming a systems scientist. System Dynamics
Review. 2002; 18(4):501. 
56. Größler A. System dynamics modelling as an inductive and deductive endeavour. comment on
the paper by Schwaninger and Grösser. Systems Research and Behavioral Science. 2008; 
25(4): 467–70 
57. Schwaninger M, Grösser S. System dynamics as model-based theory building. Systems Research
and Behavioral Science. 2008; 25(4):447–65. 
58. Sušnik J, Molina J-L, Vamvakeridou-Lyroudia L, Savić D, Kapelan Z. Comparative analysis of system
dynamics and object-oriented bayesian networks modelling for water systems management. 
Water Resources Management. 2013; 27(3):819–41. 
59. Ambroz K, Derencin A. Using a system dynamics approach for identifying and removing
management model inadequacy. Kybernetes. 2010; 39(9/10):1583–614. 
60. Rouwette EAJA, Vennix JAM, Tv Mullekom. Group model building effectiveness: a review of
assessment studies. System Dynamics Review. 2002; 18(1):5–45. 
61. Lovell H. Supply and demand for low energy housing in the UK: insights from a science and
technology studies approach. Housing Studies. 2005; 20(5):815–29. 
62. Vennix JAM. Group model building: Facilitating team learning using system dynamics. Chichester:
Wiley; 1996. 297 p. 
63. Parag Y, Darby S. Consumer–supplier–government triangular relations: rethinking the UK policy
path for carbon emissions reduction from the UK residential sector. Energy Policy. 2009; 
37(10):3984–92. 
64. Yuan WJ, Xia CY. Role of investment heterogeneity in the cooperation on spatial public goods
game. PLoS One. 2014; 9(3):e91012. doi: 10.1371/journal.pone.0091012 PMID: 24632779 
65. Zhu CJ, Sun SW, Wang L, Ding S, Wang J, Xia CY. Promotion of cooperation due to diversity of
players in the spatial public goods game with increasing neighborhood size. Physica A: 
Statistical Mechanics and its Applications. 2014; 406:145–54. 
66. Lorenzoni I, Nicholson-Cole S, Whitmarsh L. Barriers perceived to engaging with climate change
among the UK public and their policy implications. Global Environmental Change. 2007; 17(3–
4):445–59. 
67. Whitmarsh L, Lorenzoni I, O'Neill S. Engaging the public with climate change: Behaviour change
and communication. Hoboken: Taylor and Francis; 2012. 289 p. 
68. Ellegård K, Palm J. Visualizing energy consumption activities as a tool for making everyday life
more sustainable. Applied Energy. 2011; 88(5):1920–6. 
69. Kamenica E, Mullainathan S, Thaler R. Helping consumers know themselves. The American
Economic Review. 2011; 101(3):417–22. 
70. Electric Power Research Institute, Neenan B, Robinson J, Boisvert RN. Residential electricity use
feedback: A research synthesis and economic framework. Final report. Palo Alto CA: EPRI, 
2009 Contract No.: 1016844. 
71. Simshauser P, Molyneux E, Shepherd M. The Entry Cost Shock and the Re-rating of Power Prices
in New South Wales, Australia. Australian Economic Review. 2010; 43(2):114–35. 
72. Faruqui A, Sergici S, Sharif A. The impact of informational feedback on energy consumption: a
survey of the experimental evidence. Energy. 2010; 35(4):1598–608. 
73. Pearson B. No End in Sight to Soaring Electricity Prices. The Australian. 19 Feb 2014.
74. Hackett B, Lutzenhiser L. Social structures and economic conduct: interpreting variations in
household energy consumption. Sociological Forum. 1991; 6(3):449–70. 
75. Green BE. Explaining cross-national variation in energy consumption: the effects of development,
ecology, politics, technology, and region. International Journal of Sociology. 2004; 34(1):9–32. 
76. Clement MT, Schultz J. Political economy, ecological modernization, and energy use: a panel
analysis of state-level energy use in the United States, 1960–1990. Sociological Forum. 2011; 
26(3):581–600. 
48 Chapter 4: Systems Modelling of Network Peak Demand 
77. Yohanis YG, Mondol JD, Wright A, Norton B. Real-life energy use in the UK: how occupancy and 
dwelling characteristics affect domestic electricity use. Energy and Buildings. 2008; 
40(6):1053–9. 
78. Druckman A, Jackson T. Household energy consumption in the UK: a highly geographically and 
socio-economically disaggregated model. Energy Policy. 2008; 36(8):3177–92. 
79. Filippini M, Pachauri S. Elasticities of electricity demand in urban Indian households. Energy 
Policy. 2004; 32(3):429–36. 
80. Soytas U, Sari R. Energy consumption, economic growth, and carbon emissions: challenges faced 
by an EU candidate member. Ecological Economics. 2009; 68(6):1667–75. 
81. Everett R, Boyle G, Peake S, Ramage J. Energy systems and sustainability: Power for a sustainable 
future. 2nd ed. Oxford: Oxford Univerity Press; 2012. 654 p. 
82. Lutzenhiser L. Environmental sociology. Organization & Environment. 2002; 15(1):5–9. 
83. Stern PC. What psychology knows about energy conservation. American Psychologist. 1992; 
47(10):1224–32. 
84. Whitmarsh L. What's in a name? commonalities and differences in public understanding of 
“climate change” and “global warming”. Public Understanding of Science. 2009; 18(4):401–20. 
85. Whitmarsh L, Seyfang G, O’Neill S. Public engagement with carbon and climate change: to what 
extent is the public ‘carbon capable’? Global Environmental Change. 2011; 21(1):56–65. 
86. Schultz PW, Nolan JM, Cialdini RB, Goldstein NJ, Griskevicius V. The constructive, destructive, and 
reconstructive power of social norms. Psychological Science. 2007; 18(5):429–34. PMID: 
17576283 
87. Pierce J, Schiano DJ, Paulos E. Home, habits, and energy: examining domestic interactions and 
energy consumption. Proceedings of the SIGCHI Conference on Human Factors in Computing 
Systems; Atlanta, Georgia, USA. 1753627: ACM; 2010. p. 1985–94. 
88. Fischer C. Feedback on household electricity consumption: a tool for saving energy? Energy 
Efficiency. 2008; 1(1):79–104. 
89. Wei YM, Liu LC, Fan Y, Wu G. The impact of lifestyle on energy use and CO2 emission: an 
empirical analysis of China's residents. Energy Policy. 2007; 35(1):247–57. 
90. Bin S, Dowlatabadi H. Consumer lifestyle approach to US energy use and the related CO2 
emissions. Energy Policy. 2005; 33(2):197–208. 
91. Allcott H. Social norms and energy conservation. Journal of Public Economics. 2011; 95(9–10): 
1082–95. PMID: 21969737 
92. Allcott H, Greenstone M. Is there an energy efficiency gap? National Bureau of Economic 
Research, 2012 Contract No.: 17766. 
93. Anastasi G, Conti M, Di Francesco M, Passarella A. Energy conservation in wireless sensor 
networks: A survey. Ad Hoc Networks. 2009; 7(3):537–68. 
94. Dixon RK, McGowan E, Onysko G, Scheer RM. US energy conservation and efficiency policies: 
challenges and opportunities. Energy Policy. 2010; 38(11):6398–408. 
95. van den Bergh JCJM. Energy conservation more effective with rebound policy. Environmental and 
Resource Economics. 2011; 48(1):43–58. 
96. Croucher M. Potential problems and limitations of energy conservation and energy efficiency. 
Energy Policy. 2011; 39(10):5795–9. 
97. Pelenur MJ, Cruickshank HJ. Closing the energy efficiency gap: a study linking demographics with 
barriers to adopting energy efficiency measures in the home. Energy. 2012; 47(1):348–57. 
98. Gillingham K, Newell RG, Palmer K. Energy efficiency economics and policy. Rochester: National 
Bureau of Economic Research, 2009 Contract No.: 15031. 
99. Jaffe AB, Stavins RN. The energy-efficiency gap: what does it mean? Energy Policy. 1994; 22(10): 
804–10. 
100. Stern PC. Information, incentives, and proenvironmental consumer behavior. Journal of 
Consumer Policy. 1999; 22(4):461–78. 
101. Hart M, de Dear R. Weather sensitivity in household appliance energy end-use. Energy and 
Buildings. 2004; 36(2):161–74. 
102. Reiss PC, White MW. What changes energy consumption? prices and public pressures. The 
RAND Journal of Economics. 2008; 39(3):636–63. 
103. Baker KJ, Rylatt RM. Improving the prediction of UK domestic energy-demand using annual 
consumption-data. Applied Energy. 2008; 85(6):475–82. 
 Chapter 4: Systems Modelling of Network Peak Demand 49 
104. Energy Efficient Strategies. Third survey of residential standby power consumption of Australian 
Homes—2010. Canberra: Attorney General's Department. Commonwealth of Australia, 2011. 
105. Swan LG, Ugursal VI. Modeling of end-use energy consumption in the residential sector: a 
review of modeling techniques. Renewable and Sustainable Energy Reviews. 2009; 
13(8):1819–35. 
106. Sterman JD. System dynamics modeling: tools for learning in a complex world. California 
Management Review. 2001; 43(4):8–25. 
107. Barlas Y. Formal aspects of model validity and validation in system dynamics. System Dynamics 
Review. 1996; 12(3):183–210. 
108. Rehfuess EA, Briggs DJ, Joffe M, Best N. Bayesian modelling of household solid fuel use: insights 
towards designing effective interventions to promote fuel switching in Africa. Environmental 
Research. 2010; 110(7):725–32. doi: 10.1016/j.envres.2010.07.006 PMID: 20655517 
 



Chapter 4: Systems Modelling of Network Peak Demand 51 
 Systems Modelling of the Socio-Chapter 4:
Technical Aspects of Residential 
Electricity Use and Network 
Peak Demand 
This chapter presents the key focus of my research, the translation of the conceptual 
model described in Chapter 3 to a Bayesian network (BN) which quantifies network 
peak demand. The paper in the current chapter focuses on how the conceptual model 
was constructed and implemented to provide a BN. The development of the BN drew 
on earlier work that had specified the elements of the conceptual model (for example, 
see Appendix 6). The development of the BN required various activities and actions: 
adding sub-models, obtaining data from the literature and industry sources and 
conducting workshops with industry experts. This expert elicitation phase provided 
the data for the CPTs for the social component (the Propensity to change theme 
shown in Figure 3.2) and for the technical components of location, housing, 
demographics and household appliances. The model was developed in Excel to 
ensure that it could be used by ‘novice’ users without them having to learn to use and 
install dedicated BN software (see Appendix 1.). This involved building the 
spreadsheet model with separate sheets to reflect the nodes of the BN, to provide a 
simple interface so that users could easily select scenarios of Change Management 
Options (CMOs) and to provide for the desired visualisation of model outputs, both 
intermediate and final impact. The BN model can be seen in detail in Appendixes 1, 
2 and 3. These provide a description of how the BN was constructed, the pages for 
each node of the BN and related pages of Excel spreadsheet and a description of 
translating the conceptual model into a BN,  
I wrote the first draft of this paper, liaised with the co-authors, incorporated their 
feedback and submitted the paper. I also dealt with the communication and other 
aspects of the revision process including addressing the requested changes and 
submitted the final version, which was accepted for publication. 
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Systems Modelling of the Socio-Technical Aspects of Residential 
Electricity Use and Network Peak Demand3 
4.1 Introduction 
This paper investigates a quantitative method of integrating the social and technical 
factors involved in network peak demand for electricity in residential households. 
Globally, meeting the rapid increase in network peak demand for electricity is a 
significant challenge for electricity utilities. Billions of dollars are needed to update 
transmission, distribution and generation infrastructure to guarantee electricity 
supply during network peak periods for only a handful of days per year [1, 2]. The 
Queensland Government estimated that distributors would need to spend 
approximately $5000 for each additional megawatt of network peak energy 
consumption [3]. This rapidly increasing capital investment in electricity provision 
requires rethinking the traditional model of building supply to meet demand [2], and 
finding cost effective ways to reduce peak demand is a major imperative for 
electricity utilities. 
Network peak demand is a complex system [4] in which demand management 
provides a means of finding solutions that assist electricity utilities to ensure they 
have sufficient network capacity to meet peak demand, thereby helping to avoid or 
delay network upgrades that would otherwise be required. Residential use of 
electricity, defined as residential loads, contributes significantly to seasonal and daily 
peak electricity demand [5] and accounts for approximately one third of the total 
peak electricity demand [6]. There is thus a strong interest in encouraging residential 
consumers to change their electricity demand patterns at times of network peaks [7]. 
Since the 1970s, there have been a plethora of frameworks, theories and 
interventions aimed at changing the behaviour of residential electricity consumers. 
These have arisen from various disciplines, including economics, engineering, 
sociology, anthropology and psychology, but they do not provide a reliable, 
quantified predictive tool for intervention [8-13]. The supply and demand of 
electricity exists within a very complex system with many interacting elements that 
                                                            
3 Lewis J, Mengersen K, Buys L, Vine D, Bell J, Morris P, Ledwich, G. (2015) Systems modelling of the 
socio-technical aspects of residential electricity use and network peak demand. PLoS ONE. doi: 
10.1371/journal.pone.0134086 
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cannot be reduced to simple explanations or policy approaches [14]. Residential 
electricity demand is influenced by behaviour of consumers as well as by the 
physical environment, house construction, and acquired and available appliances, 
other infrastructure, price, industry and government policies, incentives, 
interventions and so on. In order to address the multifaceted challenges of this 
complex system and achieve more realistic and wide-ranging understanding of 
residential energy consumption, there has been a growing call for integrated 
approaches to analysis rather than those provided by single disciplinary studies [8, 
10, 11, 15, 16].  
An approach that is gaining substantial momentum in many areas is to accommodate 
the complexity of the system, and the various sources of information that inform it, 
in a dedicated systems model, such as a BN [17-21]. BNs are statistical models that 
provide a graphical, probabilistic framework for representing and analysing domains 
involving uncertainty [22]. They facilitate the integration of information from diverse 
sources, including data, other literature and expert judgement, using a transparent, 
efficient and mathematically rigorous process [23-25]. A BN is typically constructed 
in two stages: first, a conceptual ‘map’ of the system is developed, whereby the 
target outcome and the suite of factors that potentially affect the target are 
represented by nodes (circles) and the linkages or interactions between these nodes 
are represented by arrows. The conceptual map is then quantified using a suite of 
probability tables or distributions based on the available information. The BN can 
then be used to examine scenarios, identify the most important factors impacting on 
the target, highlight knowledge or information gaps, evaluate the impact of changes 
in the system and, suggest strategies for obtaining optimal outcomes [23]. 
This paper reports on a method of quantifying a recently developed model by Buys 
and colleagues [26], Residential Electricity Peak Demand Model (REPDM), that 
used this integrative approach to address residential energy demand reduction at peak 
times, see Figure 4.1. The model combines the socio-technical aspects of residential 
demand and investigates this complexity through modelling the impact of the 
probabilistic responses and connections between the social elements and the 
technical aspects of the system. It provides a decision support tool and a means of 
understanding the key influences and impacts on network peak demand as the model 
allows various intervention scenarios to be tested and these give insights into how the 
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system could be managed. The purpose of this paper is to examining the reduction in 
network peak demand, in a quantified model, with scenarios of possible interventions 
in the socio-technical system. 
 
Figure 4.1. Residential electricity peak demand model 
4.2 Method 
This research was part of a larger study looking at electricity demand-side 
management: Models, optimisation and customer engagement. The aim was to 
develop an integrated, quantified model of the socio-technical aspects of 
interventions that would reduce network peak demand by residential consumers. 
The university and industry members of the project research team provided their 
verbal consent to give their professional opinion in the development of the model and 
this consent was documented. The research team held regular team meetings using a 
workshop format and obtained data from available secondary sources or from their 
own industry or professional expert knowledge (as outlined in the paper). No 
individually identifiable/participant level data were collected for this study. 
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4.2.1. Structured development of a systems model 
The components of the structured development process (Figure 4.2), namely Design, 
Quantification, Implementation, Communication, Validation and Evaluation for the 
REPDM are described in the following sections. The model development was an 
interactive, participative process involving structured workshops and meetings with 
working groups consisting of industry and academic project team members. The 
participative process was used both to elicit the parameters of the model and to gain 
information about information gaps. The structure of the model was validated as part 
of this process both in the development of the REPDM and in its implementation 
through a review process with the working groups. The validation of the BN model 
aimed at checking the Excel implementation, the states of the nodes of the model and 
the outputs. 
The BN was developed by taking the elements and links in the conceptual model 
(Figure 4.1) and translating these into nodes and edges of a BN graphical model. In 
the BN, probability distributions for a node are influenced only by those nodes with 
directed arrows feeding into the given node in the system. Some of the elements were 
further refined into sub-networks (Figure 4.3). 
Although presented as a cycle, the development process depicted in Figure 4.2 does 
not necessarily proceed sequentially and can be modified according to the demands 
of the problem and/or the corresponding system being developed. For example, 
implementation and quantification may occur in reverse order or in parallel, and 
similarly validation and communication may be combined. 
 
Figure 4.2. Model development cycle 
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4.2.2. Design 
As described by Buys and colleagues [26], the design phase involved engaging 
stakeholders to design the conceptual model, including identifying nodes and the 
interactions between the nodes. The conceptual design of the network demand 
systems model was undertaken by a multidisciplinary team of researchers and 
industry experts through a series of eight intensive project team workshops and 15 
subgroup workshops. 
The REPDM (Figure 4.1) combines the social dimensions of energy use (including 
Knowledge, Trust, Culture, Household Demographics, Propensity to Change and 
Environmental Sensitivity (Context)), and the technical elements (including Physical 
Environment, House, Appliances) related to the house, the type of appliances that 
may be used and the physical environment (location). The stakeholders determining 
policy, marketing and CMOs were the government and the retail market in 
interaction with customers. 
In Figure 4.1, the nodes are represented as single terms, but are in fact the sub-
networks that describe sets of factors that affect these higher level nodes. The sub-
networks for some of the nodes are presented in Figure 4.3 and are described in more 
detail in Appendix 3 and Appendix 4, Tables A4.1 to A4.3. Detailed descriptions of 
the nodes and other terms used in building the model ensured uniform understanding 
of the terms and a consistent and repeatable quantification of items. 
The model was designed to accommodate interactions between the nodes. For 
example, the retail market and government policy elements can interact with the 
electricity customers to explore possible change management outcomes. Although 
the Change Management Option node and the Propensity to Change node are 
represented as a single link in Figure 4.1, in the BN model each of the options is 
included as a separate node within the BN structure. The Propensity to Change for 
each Change Management Option is combined in the Appliance usage node to give 
the network peak demand. 
4.2.3. The Change Management Options 
The choice of CMOs to be modelled were drawn from an internal report of the 
industry partner [27]. The report identified a number of interventions and also 
specified the target demographics for each intervention. The electricity use by each 
segment was used as a proxy for the network peak electricity use by the targeted 
segment group. The CMOs are described in more details in Appendix 4, Tables A4.1 
to B4.3. 
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Figure 4.3. BN of social dimensions and Strength of influence 
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4.2.4. Quantification 
As described above, quantification of the conceptual model was achieved by 
developing the model as a BN and using available data to develop conditional 
probability distributions as well as quantify the relative influences of the nodes of the 
model. The probabilities were derived from industry reports and surveys, literature 
search and workshops with industry partners and academic experts (See Table 4.1). 
These data were taken as the initial estimates for the values to be modelled to allow 
the value of the approach to be investigated. These probabilities were represented as 
conditional probability tables (CPTs) with the states of each child node being defined 
by the states of each of its parent nodes. 
Table 4.1. Information sources used to quantify the BN 
System element (node) Data type Source 
Knowledge Customer surveys, industry 
workshops 
Internal industry data and reports 
Trust Customer surveys and workshop Internal industry data and reports 
Culture Industry partner workshops Internal industry data and reports 
Household demographics Customer survey Ergon Energy [27] 
Change Management Options Industry report Ergon Energy [27] 
CPTs for Trust, Knowledge, 
Culture, Propensity to Change, 
Appliances, CMOs 
Industry partner workshops Refereed research, industry social marketing research, and 
industry and academic experts 
Environmental sensitivity. Industry partner workshops Refereed research, industry social marketing research, and 
industry and academic experts 
Appliances Industry partner data and workshops Refereed research, and industry and academic experts 
Physical environment (including 
number of households) 
Publicly available, industry partner 
workshops 
Household numbers from ABS census data, Acxiom 
PersonicX® demographic categories, and industry 
experts. 
House (heat load) Modelling head load Modelling by academic and industry experts  
Retail market, Government 
policy and Customer/Industry 
engagement 
Change Management Options Ergon Energy [27] 
 
Where possible the CPTs were quantified using available data. CPTs derived from 
expert judgement were developed through a structured expert elicitation process [28] 
with the assistance of a CPT Calculator [29]. The calculator reduces the number of 
probabilities to be elicited to key state combinations of parent nodes in order to 
enhance the consistency of the elicited values and the efficiency of the elicitation 
process. 
The development of the CPTs relating to the social factors was undertaken in 
workshops with industry experts who also had access to internal social marketing 
research that assisted with the quantification of the probability states. The elicitation 
process involved the development and discussion of focus questions to ensure that a 
shared and consistent understanding of the impact of the input nodes on the 
probability states of the outputs. As part of the sequenced workshop process, the 
completed CPTs were provided to the industry partners for comment and feedback. 
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As described above, the BN was constructed so that each CMO had a separate 
Propensity to Change node. This allowed each of the CMO interventions to be 
examined separately. A CPT was developed for each intervention. CPTs were of the 
form shown in Table 4.2. The parent nodes for each of these CPTs were Household, 
Knowledge, Culture and Trust. Further inputs for the interventions included prior 
uptake of targeted behaviour, customer segmentation and the impact of the 
intervention for the households in each of the High, Low and Nil Propensity to 
Change states. 
Table 4.2. Example CPT to be completed 
 
CMO - Off-peak tariffs 
Household Using segment distributions for Strategy for Queensland 
Knowledge  High Medium Low 
Culture High Low High Low High Low 
Trust High Low High Low High Low High Low High Low High Low 
             High 0.95 0.70 0.80 0.60 0.80 0.60 0.70 0.50 0.60 0.20 0.10 0.00 
Low 0.05 0.20 0.20 0.30 0.20 0.30 0.20 0.25 0.30 0.50 0.20 0.10 
Nil 0.00 0.10 0.00 0.10 0.00 0.10 0.10 0.25 0.10 0.30 0.70 0.90 
 
The change impacts used in the Appliance usage node were identified in the industry 
workshops using industry data and expertise to specify the percent or wattage 
reduction or increase in peak electricity demand by those households which were in a 
High, Low or Nil change state for each CMO. These values were used to calculate 
the change in peak demand for electricity after intervention implementation. The 
reduction in peak demand was calculated by the modelled percentage of the 
householders who are in a given state (High, Low or Nil) for each CMO determined 
from the BN and the demographic targeted. To take account of the change in demand 
by the non-targeted demographic cluster, 25% of the remaining households were 
combined with the Low state value. The reduction (or increase) in network peak 
demand and the uncertainty of the values were derived in the workshops with the 
industry partner experts using industry data [27]. The interaction of the percent in 
each state (reduced by the percent already in those states) and the reduction in 
network peak demand was calculated based on these key elements of the model. 
The model was quantified for three localities: the whole state of Queensland, 
Townsville (a northern coastal town) and Toowoomba (a southern inland town). 
60 Chapter 4: Systems Modelling of Network Peak Demand 
4.2.5. Implementation 
Since most technical data were provided by the working party members in the form 
of Excel spreadsheets and in order to enhance the engagement with the BN model by 
the user group, the model was developed using spreadsheet software. Excel was 
chosen as this software is widely used and more easily understood and used by the 
intended users than is specialist BN software. The workbook was structured with 
separate sheets for each of the nodes of the system. The marginal probabilities for a 
given node were calculated by algebraically combining the probabilities of each of 
the parent nodes being in each state (eg High, Low or Nil) using the CPTs for that 
node [30]. The spreadsheet was structured to facilitate the checking of the validity of 
this implementation. 
4.2.6. Communication 
A key area of interest in this model was to engage stakeholders in the process from 
model development to model use. A key factor in communication is visualisation, 
which may be applied to enhance understanding of areas of interest, and the forms of 
visualisation may come in many forms [31]. Two of these methods, information 
visualisation, representing the system as a tree diagram, and data visualisation, using 
tables and graphs, were used to present the model to the industry participants. 
A dashboard interface was added to the spreadsheet to allow users to interact with 
the BN through the simple process of selecting scenarios using tickboxes. The 
dashboard is depicted in Figure 4.4. The data entry needed was colour coded to 
indicate whether it referred to relatively stable items or ones requiring updating for a 
particular scenario. 
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Figure 4.4. Dashboard for scenario selection and summary outputs 
The outputs were provided to users visually in waterfall charts in which the changes 
in peak demand are presented in a cumulative manner. The peak demand starts at 
100% on the left hand side and changes with each CMO to the level on the right hand 
side (100% minus the cumulative percent reduction). This allows the individual 
contributions to the reduction in peak demand of each of the CMOs and their total 
impact to be clearly understood. For the sake of presenting the outputs, a scenario 
with all the options selected as being present was implemented. 
To facilitate model validation (see below) and to enable a wider range of inferences, 
the BN component of the model was also constructed using GeNIe software [32], a 
dedicated software tool for building and calculating BNs. This software provides a 
62 Chapter 4: Systems Modelling of Network Peak Demand 
range of tools to examine a model including a strength of influence tool that displays 
the relative influence a particular node has on its child nodes. 
4.2.7. Validation 
The validity of a model is reflected in its ability to describe the system being 
modelled through both its output and the mechanism by which that output is 
generated [33]. The sources of confidence in BN validity using the framework for 
validating a BN model that has been proposed by Pitchforth and Mengersen [33] are 
based on assessing the validity of the model structure, the states assigned to each 
node and the probabilities assigned to these states. The validation process thus 
applies to each model element and to the model as a whole. 
The network peak demand model was validated through internal validation and 
validation by the working group and other industry partner workshops. Internal 
validation involves checking the probabilities in the BN for consistency. Sensitivity 
analysis, an approach described in the next section, also allows validation of the 
model through checking that the model behaves broadly as expected. Stakeholder 
validation involves critical review of the BN and model design and outputs by 
stakeholders. 
Internal validation was undertaken by members of the research team. The 
consistency of the probabilistic inputs and outputs in the BN was confirmed through 
careful inspection of the coherence and impact of parent node CPTs on child node 
CPTs throughout the model. Stakeholder validation of the model functioning and 
outputs was undertaken through the research workshops and other meetings with 
industry partner and academic project member experts in the field. This provided 
stakeholders with the opportunity to inspect and use the model and to provide 
feedback. 
The conceptual model was validated for internal consistency during the Design phase 
[26], with further validation during the workshops with industry partners as part of 
the development of the BN. This process was also used for defining and verifying the 
node states. To aid validation of the outputs of the model, as well as provide for 
interpretation later in the use of the model, key intermediate outputs were presented 
in the spreadsheet as graphical outputs, as described in the previous section. The 
Excel implementation was also validated by checking each CPT output against a 
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partial model constructed, for the social components of the conceptual model, using 
GeNIe software. 
4.2.8. Sensitivity analysis 
A sensitivity analysis was conducted through an iterative process to both validate the 
model and to allow the project users to see the feedback from their own 
quantification of the variables. One-way analysis, whereby one variable is changed 
while the other variables are kept constant, is a widely known and applied sensitivity 
analysis approach [34]. The changes in the probabilities of nodes when changing 
another node should conform broadly as expected. The approach taken was the direct 
examination of various set states of the input nodes of the CPT, and by selecting 
scenario settings that provided findings in a BN sense. For example, the influence of 
selecting various combinations of Yes or No for Education activities and 
Engagement activities at the Broader community, Local and Householder levels were 
examined for their flow through impact on the Customer-Industry Engagement node 
to its child, Trust and Knowledge nodes. The outputs of the model, both intermediate 
and end point, were examined by the expert group and the working group who 
checked the validity of the outputs based on their internal social market research and 
their knowledge of the householder demand response. The impact on the states of the 
nodes of the system from changing the selected tickboxes on the dashboard were 
observable in graphics provided on relevant sheets of the spreadsheet model. Further 
examination of the model was conducted through investigating the impact on the 
states of the CMOs when all states of the input nodes are set to High then each of the 
input nodes is set to Low while the other two input nodes set to High. An additional 
examination of the Propensity to Change node to the states of its parent nodes was 
undertaken to test its sensitivity to different levels of Education and Engagement 
activities. With this, the evidence was set for each CMO either with the CMO only, 
the CMO with no associated Education or Engagement activities, the CMO with 
associated Education activities at the Broader and Local Community levels and the 
CMO with additional associated Education and Engagement activities at the 
Household level. 
4.2.9. Evaluation 
The BN model can be used to investigate the major influences in the system and to 
assess the impact of different combinations of interventions. Operationally, these 
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interventions and sensitivity changes can be implemented in the BN spreadsheet and 
underlying CPTs. 
Scenario assessment allows stakeholders to explore impacts under alternative or 
‘what if’ conditions. The model was developed to allow different scenarios to be 
selected within the spreadsheet. After selecting a locality (eg Queensland, 
Townsville, Toowoomba) a combination of the Change Management Options 
(Acknowledgement & Recognition, Time of Use Tariffs, Off-Peak Tariffs and 
Managed Supply, Customer Education and Engagement, Price Increase, Appliances 
(minimum performance standards), Capital Spend – Insulation, Capital Spend – 
Photovoltaics) could be selected. The spreadsheet model also had provision for 
examining other localities and other CMOs with the entry of appropriate input data. 
It also provided for including an Environmental sensitivity for change context 
(defined in Appendix 4, Table A4.1) for each option. This could be set to Normal or 
High to enable the examination of impact under different contexts of the social 
understanding of the need for reducing peak demand. The outputs with these latter 
implementations are not described in this paper. 
4.3 Results 
The results from each scenario that was run with the model, in terms of the projected 
effect on network peak demand, were provided in chart and table form (see for 
example, Figure 4.4 and Table 4.3). The model also provided a graphical output of 
the intermediate states. The results indicate that the impact on network peak demand 
depends on the strength of influence combined with the proportion of the households 
targeted by a particular intervention and the impact on demand by those households 
being the High, Low or Nil state of propensity to change. These effects are described 
under the following headings: Main factors impacting on outcomes; Validation; 
Sensitivity analysis and Scenario testing. 
4.3.1. Main factors impacting on outcomes 
The main factors impacting outcomes were revealed by the sensitivity analysis and 
scenario testing. This was further emphasised by the examination of the relative 
strength of influence revealed by GeNIe. The relative strength of influence of the 
nodes in the BN is depicted in Figure 4.3. The thickness of the arrows in this figure 
depicts the relative strength of influence of the parent node on the child node. This 
analysis revealed differences in the impact of the Propensity to Change nodes for 
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each of the CMOs. For some of the nodes, Culture has the stronger influence. This is 
evident for the Acknowledgement and Recognition option and also for the Propensity 
to Change with the Capital Spend – Insulation option. Knowledge had a greater 
influence in the Time of Use, Off-Peak Tariffs and Managed Supply and with Price 
Increases. Trust had a lesser strength of influence than the other parent nodes on the 
fulcrum nodes of Propensity to Change. However, Trust had a greater influence on 
the Time of Use, Off-Peak Tariffs and Managed Supply and with Price Increases 
nodes. 
The CMO selected and the states of the upper level input nodes, Knowledge, Culture, 
Trust and Customer-Industry Engagement is visualised in Figure 4.5. This figure 
presents for each CMO, the states of the householders’ Propensity to Change 
behaviour, the percent of the network peak demand consumption by the customer 
segments being impacted by the intervention, and finally on the right, the percent 
change in network peak demand for each intervention. The High and Medium states 
of the Knowledge node were increased with Education and then further with the 
combined Education and Engagement activities. With increased Education and 
Engagement activity levels, there was a correlated increase in the High state of the 
Customer-Industry Engagement node. The Trust node was strongly related to 
Education and Engagement. This last relationship is discussed in more detail below 
in the ‘Sensitivity analysis’ section.  
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Figure 4.5. Intermediate outputs and impacts on peak demand 
4.3.2. Validation 
The validation of the BN model aimed at checking the Excel implementation, the 
states of the nodes of the model and the outputs produced (Figure 4.5), and the 
behaviour of the model in the sensitivity analysis, described below. The output 
review process assessed that the model was producing outputs within expected 
ranges for the Upper Level Nodes of the model, the Propensity to Change nodes, the 
Percent Consumption Impacted by Each State and the Change in Peak Demand 
charts. 
4.3.3. Sensitivity analysis 
A sensitivity analysis was conducted by investigating the impact of inputs on key 
nodes of the model. Figure 4.6 shows the sensitivity of the Customer-Industry 
Engagement, the Knowledge and the Trust nodes to changes in the evidence of the 
states of the Education and Engagement sub-network nodes. Changing the selection 
from no Education and Engagement activities, Figure 4.6 (a), through to a higher 
level of Education and Engagement activities, Figure 4.6 (c), increased the 
probability of a High level of Trust by over 50% (from 0.55 to 0.85). The probability 
of a High level of Knowledge increased more than four-fold (from 0.06 to 0.26). 
Similarly, the probability of High Customer-Industry Engagement changed from nil 
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when there were no activities to 0.46 with moderate Education levels and 0.80 when 
the activities for both Education and Engagement were at a High level. 
 
Figure 4.6. Sensitivity analysis with different levels of customer Education and Engagement activities 
The analysis of the sensitivity of the states of the CMO Propensity to change nodes, 
Table A5.1 Appendix 5, showed that the effect on the levels of the states varied 
differently across the CMOs with inputs of parent nodes. The impact of changing 
each of the parent nodes to a Low state, with the others being maintained as High, 
led to different levels of reductions for each of the CMOs. When Culture was Low, 
the probability of a High Acknowledgement & Recognition option reduced from 
0.95 to 0.3, compared to reductions of 0.7 when the other two parent nodes were 
each changed to a Low state. Trust had the greatest impact on Off-Peak Tariffs and 
Managed Supply. The probability of a High state for this CMO reduced from 0.95 to 
0.6 when the level was Low. This CMO was also sensitive to the level of 
Knowledge. 
A CMO which was sensitive to changes in social influences was Capital spend – 
Insulation. With this CMO, the probability of a High level of Spend collapsed from 
0.65 when Culture, Knowledge and Trust were High, to 0.01, 0.05 and 0.00 when 
each of these influences was set from High to Low. Table A5.2 and A5.3 Appendix 
5, show in further detail the impact on peak demand for the households in a High or 
Low state of Propensity to Change, and the corresponding uncertainty of these 
values. 
4.3.4. Scenario testing 
The ‘what if’ options of scenario testing revealed the impact of combining various 
levels of Education and Engagement activities with each of the CMOs and the broad 
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differences between the three localities, namely: Queensland, Townsville and 
Toowoomba. Table 3 shows the impact for Queensland for each of the CMOs with 
different associated Customer-Industry Engagement activity levels. Table 4 presents 
the changes in peak energy use across the three localities and the impacts of the 
different CMOs. An example of how these impacts are presented in the spreadsheet 
in graphical form is shown in Figure 4.7. 
Table 4.3. Change in peak demand for Queensland 
Change Management Option CMO only CMO 
with Education 
CMO with 
Education & 
Engagement 
Acknowledgement & Recognition -0.12% -0.13% -0.15% 
Time of Use Tariffs -0.05% -0.11% -0.16% 
Off-Peak Tariffs and Managed Supply -0.47% -1.57% -2.42% 
Customer Education & Engagement  -0.42% -0.76% 
Price Increases -1.68% -2.64% -3.38% 
Appliances (minimum performance standards) -0.23% -0.23% -0.23% 
Capital Spend – Insulation Summer 
 Winter 
-0.27% 
-0.24% 
-0.55% 
-0.48% 
-0.78% 
-0.67% 
Impact for each Change Management Option with different levels of Education and Engagement activities 
A negative value indicates a reduction in network peak demand 
CMO only:  Change Management Option selected with no associated Education or Engagement activities 
CMO with Education:  Change Management Option selected with associated Education activities at the Broader and Local Community levels 
CMO with Education & 
Engagement: 
 Change Management Option selected with associated Education and Engagement activities at the Household level 
 
Table 4.4. Change in peak energy demand with interventions – Queensland, Townsville and 
Toowoomba 
 Change Management Options Queensland Townsville Toowoomba 
  Summer Winter Summer Winter Summer Winter 
 Total change -7.85% -7.74%  -8.08% -6.82% -7.55% -8.10% 
Acknowledgement & Recognition -0.15% -0.13% -0.17% 
Time of Use Tariffs -0.16% -0.14% -0.13% 
Off-Peak Tariffs and Managed Supply -2.42% -2.12% -2.60% 
Customer Education & Engagement -0.76% -0.76% -0.75% 
Price Increase -3.38% -3.38% -3.38% 
Appliances (minimum performance standards) -0.23% -0.24% -0.20% 
  Summer Winter Summer Winter Summer Winter 
Capital Spend – Insulation -0.78% -0.67% -1.52% -0.25% -0.52% -1.08% 
Capital Spend – Photovoltaics 0.19% 0.19% 0.19% 
This scenario provides the outputs with the Customer-Industry Engagement options of Broader 
Community Education activities checked and both Education and Engagement activities for Local 
Community and Households checked. 
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Figure 4.7. Waterfall chart of change in peak demand – Queensland – Summer 
Figure 4.7 shows the waterfall charts for Queensland for summer with interventions 
and a High level of associated Customer-Industry Engagement processes. The 
biggest reductions in peak demand were with Price Increase, then the Off-Peak Tariff 
and Managed Supply intervention, followed by Customer Education and 
Engagement and Insulation. There is a negative effect for photovoltaics, where their 
introduction increased peak demand. This phenomenon is discussed further below. 
4.4 Discussion 
The network peak demand model provides a decision support tool and a means of 
understanding the key influences and impacts on network peak demand. The model 
allowed various intervention scenarios to be tested which provided insights into how 
the system could be managed. 
The use of a BN enabled the combination of information from diverse sources. 
Fundamental to the modelling approach was an integration of aspects of the housing 
type, the appliances in them and the broad physical environment with the propensity 
of households to alter their consumption behaviour based on a number of 
characteristics. Additionally, the model was able to take account of the social aspects 
of the solution-finding participants of the energy retailer, government and 
households. The model was constructed at a level of complexity and detail 
commensurate with available data and expertise. 
The sensitivity analysis that was carried out in the development process showed that 
work should be focussed on ensuring that the accuracy of the parameters for Trust, 
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Culture and Knowledge are improved. Further, the large impact of the sub-elements 
of the Education and Engagement sub-nodes on the intermediate nodes and on the 
Propensity to Change nodes indicates the importance of defining the activities that 
are driving these influences. These system elements are key drivers and need to be 
included as part of the design of interventions to reduce network peak demand. The 
analysis of the impact of the parent nodes on the fulcrum nodes of the Propensity to 
Change for each CMO is, in fact, a re-expression of the probability distribution that 
was established for the nodes. However, the examination of the impact highlighted to 
the industry participants, the key areas where further customer research would yield 
the greatest benefit toward strengthening the model, and of understanding drivers of 
peak demand behaviours and appropriate interventions. 
Applying interventions changed the states of key intermediate nodes and these 
changes resulted in reducing network peak demand. For the modelled intervention 
conditions, it was found that increasing Education and Engagement could increase 
the level of the High state of Trust by 50% and Knowledge by a factor of six. The 
increase of the High states of these intermediate nodes was seen to flow through to a 
reduction in network peak demand. It is therefore important that intervention 
strategies take into account the impact on Trust and Knowledge of activities and 
programs that are implemented. 
A significant finding of this study is that the application of the model, through the 
use of CMO interventions, provides insight for policy. The modelled CMOs 
generally reduced peak demand. However, maximum impact was achieved when 
well-designed interventions included effective engagement with residential 
customers. For example, price signals and tariffs and managed supply combined with 
customer engagement activities aimed at influencing change, produced greater 
reductions in peak demand. It was observed that network peak demand was reduced 
by nearly 3.4% for the Price Increase option when combined with a High level of 
Education and Engagement activities. A reduction of 2.4% was seen for Off-Peak 
Tariffs and Managed Supply. These reductions in peak demand were five and two 
times greater, respectively, than for those interventions without any Education and 
Engagement activities. On the other hand, the introduction of government CO2 
reduction initiatives, focusing on increasing the uptake of photovoltaics (PVs), led to 
a perverse effect of an increase in peak demand. The customers with PV systems 
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were able to obtain a price advantage by shifting their energy use to the evenings 
(peak time). The challenge, therefore, is to ensure that interventions are well 
designed through implementing systems-driven, integrated approaches incorporating 
customer engagement initiatives. 
4.4.1. Strengths of the approach 
There are three major strengths of this BN approach to understanding customer 
energy use, namely stakeholder engagement, multiple interactions and quantified 
output. The socio-technical system of network peak demand has at its core the 
householders who either implement capital expenditure on peak energy saving 
changes, install devices that can alter peak demand behaviour of appliances, or alter 
their behaviour to use electricity for some activities outside the peak demand periods. 
The stakeholder engagement and elicitation process makes explicit the meanings of 
key elements and information needs. Involving key stakeholders in the model 
development and parameterisation facilitates shared understandings and meanings 
for elements that are traditionally difficult to measure. Using expert elicitation for 
unavailable data provides a method for using qualitative data to compute outcomes. 
By constraining the elicitation to specific, limited causal relationships, BNs 
overcome the cognitive difficulties people have with applying heuristics when 
making decisions [35]. The scope of data being elicited allows stakeholders to focus 
on relationships that they can more easily determine. 
Secondly, the process of developing measures for the model also identifies specific 
informational needs and gaps that exist in industry data sources. This approach 
enables targeted industry data collection and the meaningful use of the data within an 
industry relevant model. A variety of data sources were used in this modelling such 
as household numbers, modelling of heat loads in houses with differing insulation, 
expert elicited CPTs and industry survey data. A strength of modelling using BNs is 
that it is able to accommodate this diversity. 
A BN model built on expert predictions and reliable data is a powerful tool for 
understanding the complexity of current energy use and predicting future trends. BNs 
are an approach that can also be used to test future scenarios, and key stakeholders 
can use this model in organisational planning to explore complex interactions and 
develop shared understandings. 
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Thirdly, the BN modelling approach enables users to combine multiple interactions 
and produces a quantified output. The model allows for synergies between 
interventions, and for others to be made explicit, for example, the Customer 
Education and Engagement option. The constituent CPTs can be adapted as new 
information is provided and the process of quantifying the BN can highlight 
knowledge and information gaps. 
The model provided a measure of reduction in Network peak demand from a number 
of interventions. It indicated that with a combination of well-designed interventions, 
a reduction of 5-7% could be achieved. In the context of the state of Queensland, this 
would represent a reduced peak demand of approximately 150 megawatts across the 
network [3] helping to avoid or delay network upgrades that would otherwise be 
required. This modelled reduction was considered by some industry experts to reflect 
a likely diversified energy impact for Queensland as a whole and is comparable with 
the 8.1% market potential of demand response by residential customers estimated by 
Faruqui and colleagues [6]. However, the reductions were seen by some as being 
potentially conservative. A recent trial using tariff measures across three regions in 
Queensland led to a 19% reduction in peak electricity demand by the participants on 
specified ‘event days’ [36]. This indicates that with a small network that was 
reaching capacity, the development of targeted Customer-Industry Engagement 
activities with appropriate CMOs, larger reductions than those modelled could be 
obtained. On the other hand, these reductions may be an overestimate as a difficulty 
in choosing the ‘event days’ for this trial resulted in the weather on some of those 
days being milder than predicted. Thus, the reduction observed may not have 
occurred if, for example, comfort levels would have been impacted by people not 
turning on their air-conditioning on the designated extreme days. 
In the study under consideration here, the impact values obtained for the proportion 
of households in the High state, Table A5.2 Appendix 5, did not exceed 10% (0.1) 
reduction in demand, suggesting that this is an area for refinement. However, 
irrespective of the actual figure for the likely reduction in peak demand, the model 
highlights that it can provide estimates of reduction in peak demand and further 
emphasises the importance of designing interventions which target the key drivers in 
the system and do not create barriers to adoption or perverse outcomes as in the case 
of incentives for uptake of PVs. By considering these findings, planning appropriate 
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interventions can lead to significant savings and prevent the rises in electricity 
charges that are influenced by this network cost. 
Finally, the BN model highlights the interactions of the feed-in nodes. For example, 
introducing an intervention such as Off-Peak Tariffs and Managed Supply without 
the concurrent application of an Education and Engagement strategy produces a 
smaller change in peak demand than is predicted with such a strategy in place. 
Revealing and making explicit such synergies is a strength of systems thinking in a 
BN. 
4.4.2. Limitations of the approach 
While BNs are powerful tools that can produce useful results, they do require 
assumptions and approximations. The structure of the conceptual model and the 
assumptions need to be as clear as possible within the context of its scope. 
The model was restricted to key elements and interactions because more nodes and 
states of those nodes raise the complexity of the problem exponentially and it can 
become more difficult to quantify the additional parameters and nodes in an over-
complicated model. Although the model included sub-node interactions, the 
interactions between the CMOs’ sub-nodes were restricted to the Customer 
Education and Engagement option with the other options and not between those 
other options. The model was built with the same influence of the Trust and 
Knowledge nodes for each of the CMOs, which is a potential problem. This could be 
enhanced to reflect the different types of Trust and Knowledge that would exist for 
interventions with differing complexities of trust and understanding [37]. With the 
Trust node, for example, it is recognised that programs that are developed with the 
aim of reducing network peak demand may have differing levels of Trust required to 
impact on this demand. 
While model complexity is an issue, a key element that has been identified is Trust. 
Future versions of this model could categorise the different interventions into those 
where the perceived consequences of Trust regarding an intervention is either low, 
intermediate or high. A low perceived consequence for Trust would arise where the 
householder is able to independently ascertain information. A high perceived 
consequence of Trust in public institutions or energy providers could be in situations 
where Trust is important such as allowing the external control of services (eg 
cooling) or with privacy issues to do with the installation of ‘Smart Meters’. With the 
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Knowledge node, the Prior Knowledge and the ease of acquiring the required 
knowledge and skills for different interventions could be similarly categorised to take 
account of requirements of different interventions. Modelling these additional 
interactions would, however, not only substantially increase the complexity of the 
model but also the information required to be obtained from industry experts, or 
other sources. 
The quantification of the BN model can combine data that reflects the knowledge 
and expertise of the key stakeholders. This is both a weakness and a strength. If the 
experts have limited knowledge, they will need to seek additional expert data or 
develop ways of obtaining the required data. The BN allows for the testing of these 
different data sources to explore impact or relevance. 
The model implementation work revealed several gaps in the information available 
from surveys or collected data sources. For example, the model provides a post-
intervention proportion of the target households which will be at a High or Low state 
of Propensity to Change. As the model is interested in changes, the proportion of the 
target households which may have already been in those states is used to provide a 
measure of the change of states and that flows through to a resultant reduction in 
network peak demand. An estimated value for the prior state of the target population 
was used to provide an assessment of the change of proportion of the target 
households. As this is an important component of the model, it highlighted a further 
area for the energy utilities to focus their market research. 
4.4.3. Analysing further Change Management Option impacts 
It is important to note that the model assumes that any change management programs 
that are instigated will be based on household enablement and participation in 
solution-finding towards achieving desired outcomes. The model thus relies on any 
interventions being designed and undertaken with the aim of achieving the desired 
outcomes. Without this design, including participative solution-finding, it is unlikely 
that the desired level of reduction of network peak demand will eventuate, which is 
both a strength and a limitation. The forced consideration of well-designed programs 
within a systems context should lead to better outcomes for a particular level of 
investment. 
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4.5 Conclusion and Implications 
The model of socio-technical elements of the network peak demand system was built 
on the basis that an integrated approach is required that combines both the social and 
the technical. Previous approaches that apply either sociological or technical 
solutions to overcome network peak demand problems have not been successful in 
developing a quantifying model. The mathematical modelling using a systems 
approach, with a BN implementation, enabled the quantification and combining of 
information from diverse sources. 
The model showed that network peak demand from an intervention combined with a 
High level of Customer-Industry Engagement activities could be reduced by over 3% 
using a single intervention and up to 8% for a combination of CMOs. As 
improvements are made to the model, more precise outputs will be obtained.  
The interactive nature of the model development and its use provide benefits to 
users. Stakeholders engaging with the quantification process and with using this 
model will be able to use the insights that can be obtained from it to achieve 
improved management strategies in the electricity system. The modelling process 
highlights gaps in our knowledge and where further information needs to be 
collected. As this information is gathered, iterative improvements can be made with 
the model and to the values, resulting in more reliable estimates and understanding of 
which combination of interventions to use in particular locations. This will help to 
design programs that utilise current understanding of the interlinked sociological 
perspectives of well-designed interventions that deliver improved network utilisation 
and reducing infrastructure costs that would otherwise need to be built to meet 
increasing peak demand. 
The participative approach to developing the model promotes shared understanding 
of the key elements of the system and their interactions and also aids the 
identification of the key information gaps that could be filled to further strengthen 
the model. The work reported in this paper also highlights the potential of this 
modelling approach for investigating other complex socio-technical domains and 
providing similar insights that may guide their management. 
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 Application of a Bayesian Chapter 5:
network complex system 
complex system model to a 
successful community electricity 
demand reduction program 
This chapter presents the journal article about an application of the Bayesian network 
(BN) model described in Chapter 4 to a specific aspect of the ‘Solar City’ trial, 
Magnetic Island, which was an interdisciplinary response to a constrained network. 
Morris, Buys and Vine (2014) investigated the relationship developed between the 
electricity utility, the community and individual consumers that resulted in the 
successful reduction of daily and network peak demand as well as total electricity 
consumption through qualitative research using in-depth interviews with residents.  
In the paper here, the key themes from the major issues and topics that were 
identified by the qualitative research were matched to the Change Management 
Options (CMOs) of the BN Model. The base levels of a Culture sub-element were 
changed to reflect the researchers’ understanding of the relevant cultural 
characteristics of the Magnetic Island residents. Scenarios, using a selection of 
relevant CMOs, were then applied using the model. This allowed the researchers to 
investigate the predicted impact of the scenarios and to gain insights about the 
importance of the system elements from a social science perspective. 
The application of the model showed that it performed well in depicting the success 
achieved on Magnetic Island and provided evidence for the validity of the model. 
Additionally, the researchers found that the user-friendly Excel spreadsheet (for 
details see Chapter 4 and Appendixes 1 and 2) provided both ease of scenario 
selection and visual and tabular outputs of the model (Morris, pers. comm.). For 
example, the data required was colour coded to indicate whether the particular value 
in a cell referred to either one that needed updating for a particular scenario or would 
only need to be updated when new information became available or the model was 
being applied to a location where the more generic values for the parameters were 
different. The primary researcher and I discussed the model and its operation, we 
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ensured that he had the latest iteration of the model and he provided suggested 
improvements to the model. 
 
Application of a Bayesian network complex system complex system model 
to a successful community electricity demand reduction program4 
5.1 Introduction 
Internationally, governments and utilities of developed countries have been searching 
for ways to reduce peak electricity demand. By reducing demand for peak electricity, 
societies avoid increased infrastructure costs of generation, transmission and 
distribution expansion when only utilised for a few hours per year. More recently, 
these interventions help governments with climate change goals by encouraging low 
carbon communities, and by reducing emissions from generation fuels [15]. 
Residential consumers are a significant contributor to electricity demand adding 
more than 30% to the total peak electricity requirement [8] thus addressing 
residential peak electricity consumption can help address the environmental and 
economic impact of peak demand [3]. There have been very few projects that have 
successfully lowered residential peak electricity demand over a prolonged period. 
One example, however, which is the basis of this paper, is an electricity demand 
reduction project undertaken with an Australian community that achieved significant 
and sustained peak electricity demand reduction over an extended timeframe. In an 
attempt to understand such success this paper brings together an established 
methodology of qualitative case study using in-depth semi-structured interviews with 
a complex systems model populated by both qualitative and quantitative data 
gathered from case study residential participants and the energy utility involved in 
the electricity demand reduction project.  
Much of the peak reduction research has emanated from the separate discipline areas 
focussing on individual technical, behavioural or market responses [14]. These 
separate disciplines, such as technical, economic and social, have their own 
approaches, frameworks and biases [11]. Unfortunately, no single approach has 
                                                            
4 Morris, Peter, Desley Vine and Laurie Buys. 2015. Application of a Bayesian network complex system 
model to a successful community electricity demand reduction program. Energy 84, 63-74. doi: 
10.1016/j.energy.2015.02.019 
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delivered sustained solutions. Results of technical interventions have not been 
successful for a prolonged period [23] with the research aimed at peak reduction 
being criticised for the lack of attention paid to the social and economic contexts of 
consumption [27]. Results of economic interventions have disappointed due to it 
being “impossible for people to act in an ‘economically rational’ fashion with respect 
to their home energy actions” [22]; p. 83), while results of social interventions 
highlight a gap between intention and action [5].  
Due to the lack of success by various individual disciplines to reduce peak electricity 
demand successfully, there have been recent calls for a multi-disciplinary approach 
[11,29] in order to avoid the limitations of single discipline approaches. Failure of 
numerous theories and interventions is not unexpected given that the supply and 
demand of electricity exists within a complex system that has many component parts 
that cannot be reduced to simple explanations or policy approaches [11,29]. It has 
been suggested that any attempt to change electricity use behaviour needs to 
influence the entire socio-technical system to be successful [13] with Crosbie [6] 
calling for an approach combining qualitative and quantitative socio-technical 
research using complex system modelling.  
A multi-disciplinary approach that encapsulates both technical and social aspects is 
often difficult to understand and conceptualise given the multitude of interacting 
elements that can affect one another [1]. Dynamic modelling has been promoted as a 
suitable approach to explore the interactions and influences between elements [12]. 
System modelling that dynamically models complex systems improves 
comprehension and ability to make predictions when changes occur [10]. The 
electricity use by residential households is a complex system and requires a systems 
approach to determine the likely impact of any intervention implementation while 
attempting to reliably predict any knock-on effects and peak demand reduction 
outcomes. One system model approach which can manage a variety of information 
sources and the complexity of interactions is the Bayesian Network [18].  
Bayesian Networks (BN) are used to model complex systems when there is a lack of 
accessible data as is often the case with residential energy use. The BN system is 
generally developed using industry stakeholder input, as well as available 
quantitative and qualitative data from research, surveys and interviews. Experts 
comment on the discrete components of the complex system, the model structure, as 
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well as the parameters used for the system [21]. Bayesian Networks have been used 
in many applications in diverse fields including health, robotics, ecology, forensic 
science and defence and present an intuitive method to visualise the complex system.  
The system is represented in graphical form, to show the causality of relationships 
within the complex network, and to allow the quantification of causal impacts [4]. 
The nodes represented in the graph either indicate factors which influence an 
outcome (input nodes), or form a relationship influenced by other nodes (child 
nodes) [19]. The arcs represent the direct dependencies between the nodes. The input 
nodes represent unconditional probabilities, with classifications such as high or low, 
true or false, or integer values, while child nodes are dependent on factors with the 
strength and direction of output defined within a probability table. These probability 
tables are developed from data available about the system. The nodes are arranged to 
have no directed cycles. Any feedback loops which are an inherent part of systems 
are accommodated under BN approaches. The system model can accept data across 
technical, economic, and behavioural systems in a multidisciplinary coordinated 
approach and can be used for policy design as scenario testing and as a measurement 
tool. Scenario evaluations can be undertaken by modifying the change management 
options (interventions) and probabilities in the BN in accordance with a specified 
scenario and inspecting the resultant change in probabilities of nodes of interest [17]. 
Scenario evaluations for this article were possible because of development of a peak 
demand complex systems model.  
The peak demand complex system model (see Fig. 5.1 below)was developed by an 
expert committee comprised of industry and academic representation with 
engineering, mathematics, statistics and social science disciplines represented. The 
model was developed using Van Raaij and Verhallen [26] and Keirstead [11] 
integrative models as a foundation to create the Residential Electricity Network Peak 
Demand Model. The model was designed on socio-technical aspects to integrate 
physical and technical influence on peak demand, including location and climate 
conditions, housing type and the appliances within them, as well as social aspects of 
the household, community, energy utility and government interactions. The BN 
system model and associated probability tables were developed and populated using 
expert opinion from an energy utility as well as quantitative and qualitative data 
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available to the energy utility and the researchers. The design process involved 
identifying the nodes and the interactions between them.  
This paper explores a successful practical electricity demand reduction project by 
means of an established qualitative methodology using in-depth semi-structured 
interviews together with a Bayesian Network (BN) model. The study investigates 
intervention impacts and major influences to peak demand reduction within a case 
study context. 
 
Figure 5.1. Residential electricity network peak demand model. 
This detailed analysis of a successful project, through the lens of the people who 
changed their electricity use, presents a unique opportunity to understand long-term 
residential peak demand potential. By investigating the consumers' perspective of the 
interventions and interactions that occurred during the peak demand reduction 
project the energy industry can improve outcomes through enhanced intervention 
design. This research adds to knowledge by applying qualitative data gathered 
through the in-depth interviews as input for scenario testing within a complex 
systems BN model to describe the interventions at the case study location. Scenario 
testing of the model outlines the dependencies between the interventions and the 
probabilities that are estimated to govern the dependencies that influence peak 
demand as a means of explaining the long-term peak demand reduction achieved by 
the case study residential community. 
5.2 Method 
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This method description will detail the case study data gathering and analysis, and 
how this data was used in developing the scenario tests (Scenario 1 and Scenario 2) 
performed using the Bayesian Network (BN). 
5.2.1 Magnetic Island case study 
The case study site is Magnetic Island in Queensland, Australia which has 
approximately 2200 permanent residents. The tropical island is accessible by a 15 
min ferry trip from the Regional town of Townsville (population 190,000). A 
qualitative approach was used to prioritise participants own words and voices in 
expressing and understanding their day to day lived experiences. Participant 
selection, data collection methods, the analytic approach used and the interpretation 
of results were conducted according to recognised qualitative methodological 
practice. The main reason for conducting a single case study was to investigate a 
unique case, with the advantage of high discoverability [30]. In-depth insight into 
issues and topics and an exploration into the social and cultural contexts that affect 
processes, decisions and events, were explored through real life experiences. 
Participants 
A total of 30 participants (18 Females and 12 Males) from 22 Magnetic Island 
households were purposively selected from local community sources including a 
local resident data base, energy utility customer database and local contacts. 
Household size varied from one resident to five residents, with the majority being 
two residents per household. Participants were selected to include key community 
resident types including single working people (four), working couples (ten), house 
share (one), retirees (five) and families with children (two). Ages ranged from early 
30's to late 70's with most of the participants being in the 45-65 age range.  
Interviews: This research used qualitative, in-depth interviews to gather specific 
information based on participant descriptions of their everyday household 
experiences [9]. Interviews gathered data about the participants' initial experiences 
and ongoing family adaptations to changing behaviour for electricity use. The semi-
structured interview format enabled residents to provide an in-depth understanding of 
their experiences from their perception. 
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Analyses 
Transcribed interviews were analysed qualitatively in order to determine patterns or 
themes pertaining to life or living behaviour [2]. Thematic analysis identified the 
major issues and topics which emerged from the data. The data was manually coded 
with key themes and sub-themes highlighted, grouped and labelled to enable the 
creation of a comprehensive observation of how and why Magnetic Island residents 
changed their household use of electricity. 
5.2.2 Scenario testing 
Two scenarios were designed using data from the Magnetic Island case study. 
5.2.3 Scenario testing inputs – Scenario 1 
The case study qualitative approach identified change management options and 
probability table changes possible for the scenarios. The change management options 
used at the case study location during the electricity demand reduction project and 
applied to the BN in Scenario 1 were. 
• Acknowledgement and recognition 
• Off-peak tariffs and managed supply 
• Capital spend – insulation 
• Customer-Industry engagement 
o Household engagement 
o Household education 
o Local community engagement 
o Local community education 
5.2.4 Acknowledgement and recognition 
The acknowledgement and recognition change management option relates to 
residential consumers receiving positive reinforcement to the good behaviours 
regarding peak demand reduction. Residential consumers who had achieved reduced 
peak demand were profiled in regular newsletters during the project to affirm their 
positive behaviour to the individual and the community. This promoted a culture of 
progress in undertaking behaviour change and allowed the rest of the community to 
recognise the effort and success of their fellow community members. 
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“Solar Cities put out a newsletter and they would profile someone and more 
often than not you knew who that person was. So it made it relevant. So you 
took more notice of what the message was.” House3 
The recognition encouraged a culture of further improvements to each consumer and 
embedded behaviour change in the community. 
“We were already pretty power efficient and sensible and educated … but we 
still found things that we could do better.” House20 
Consumer behaviour was also recognised through incentive payments for continuing 
to reach reduction goals. 
“Our bills came down. We picked up lots of the $25 cheques” House10 
5.2.5 Off-peak tariffs and managed supply 
The off-peak tariffs and managed supply change management option relates to 
residential consumer appliances being hardwired to off-peak tariff metering or a 
managed supply to appliances such as air-conditioners to avoid peak demand. 
By gaining an understanding of the tariff types during the home energy assessment, 
the residential consumer was able to evaluate the impact on the household and make 
a decision of changing various energy devices to an off-peak tariff. 
“We weighed up anything that was going to be higher consumption …we just 
put our air-cons [air-conditioning] on tariff 33…it really didn't make a huge 
difference to our day-to-day living.” House8 
“I have cut down my use. I changed my tariff 11 built. I put the bulk on tariff 
33 … Pool pump it's on tariff 33. My air-cons [air-conditioning] are on tariff 
33. My fridge and freezer are on tariff 33.” House14 
5.2.6 Capital spend – insulation 
The capital spend – insulation change management option relates to residential 
consumers having access to initiatives or products at lower than full retail market 
costs, including insulation, installation of alternative energy efficient hot water 
systems, pool pumps and other energy saving products. 
By outlining the value of the latest products, and by assisting in purchase through 
rebates, the peak demand reduction project was able to convince residential 
households to invest in energy efficient products. 
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“Come and get your rebate, if you are handing in your old top-loading 
washing machine and get a front-loading, more efficient one.” House13  
“I have got to say the bonus payment made it a whole lot easier to do that 
sort of thing. They recommended various reverse cycle heat pumps and 
everything for water heating. We followed everything that they got.” House18 
“Oh, yes, that's what else we got a rebate for. That was through Solar City as 
well, the roof paint … that paint is so effective … I reckon it would be a good 
few degrees [lower], maybe more, in the extreme.” House5 
5.2.7 Customer-industry engagement 
Customer-Industry engagement relates to interaction between the energy utility and 
the residential consumer with either engagement to elicit loyalty and advocacy, or 
education to impart knowledge and skills. The model has broken customer-industry 
engagement into three areas, either household, local community, or broader 
community. At the case study location, customer-industry engagement took the form 
of both engagement and education, and targeted the local community and individual 
household. There was no engagement and education at the broader community level 
regarding the peak demand project at the case study location. 
Engagement at the local community level started with the energy utility setting up a 
project office in the community, and was further built on using local people for roles 
in the project. The project team became locals because of the availability and 
constant interaction between them and the community. 
“It meant that you had a [utility] person coming on the site, that you could 
ask questions to. There were lots of feedback, lots of follow-ups; they [the 
utility] were very approachable … [the utility] became much more responsive 
in that way and I think everybody was.” House1 
“If ever I have needed any assistance or help or whatever, they [the utility] 
have been there” House8 
“I think it was very much they [the utility] engaged with the community and 
they [the utility] tried very hard to do it.” House8 
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Education at the local community level was achieved through exhibits at the project 
office, and workshops with energy efficient suppliers and tradesmen organised by the 
energy utility for the community. 
“Whether it was the public meetings, presentations at public meetings or 
whether it was the displays that [the utility] always did at the market days, 
you know, there would always be a Solar City presence [in the community].” 
House13 
The energy utility also highlighted residential consumer behaviour change in the 
regular community newsletters to the local community. 
Engagement at the household or individual level  
“Solar Cities, Ergon, did go round and change everyone's light bulb. So it 
was something for nothing. You know, that really worked really well.” 
House1 
“Going into the home was an assessment and it was “we will come around 
and give you something for nothing”. And that goes down really well in this 
community. It doesn't mean you change anything; it means you put your hand 
up.” House9 
“But I think consistent messaging and definitely real carrots, visible carrots; 
whether that's, “We will come and change your light globes and we will come 
and do you a household audit” – that is incredibly intensive. If you can go to 
that level of intensity, great.” House10 
Education at the household or individual level 
“Yes, they came [to do the home audit]. They were absolutely marvellous. 
They explained how to–if I had my pool filter put onto a different tariff, how 
much I would save, and that's true. They changed the lights. I think I have got 
23 [solar] panels on the roof. But it made me aware. That was I think the big 
thing. So we have just been so much more careful.” House15 
“I don't sit down and analyse the electricity bill. But it was [home audit 
consultant] who said, “Look at that. What have you got on tariff 33.” He 
actually said, “It is really good that most of your power consumption is on 
tariff 33 because that's cheaper and it avoids the peak load.” I said, “We 
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have only got one thing connected to tariff 33.” And he showed me this thing 
that gets produced every quarter on our electricity bill and I thought, “Oh, 
God.”.” House20 
“So Ergon were very proactive in getting into people's homes and evaluating” 
House12 
Engagement and education for the household and local community options were 
selected in the system model for the case study location. 
The change management options not used at the case study location during the 
electricity demand reduction project were: 
• Time of use tariffs 
o The time of use tariffs change management option relates to 
residential consumers receiving various pricing structures to avoid 
peak demand. No time of use pricing implemented at the case study 
location. 
• Price increase 
o The price change management option relates to residential consumers 
retail price being changed to encourage behaviour change. No price 
change occurred at the case study location. 
• Appliances (minimum standard) 
o The appliances change management option relates to residential 
consumers having access to minimum energy efficiency standards 
appliance products, with any product below the minimum standard 
being unavailable for purchase. No restriction on purchases occurred 
at the case study location. 
• Capital spend – photovoltaic (PV) 
o The capital spend – photovoltaic change management option relates to 
residential consumers having access to solar photovoltaic under 
attractive financial conditions compared to purchasing at full retail 
market prices. At the case study location, residents were asked to host 
a solar PV generating system on their roof at no cost to the residential 
consumer. The system would be owned by the utility and the power 
would go directly into the grid. The customer would get no direct 
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benefit. This was a different approach from other strategies used in 
Australia. There was 650 kW of power generated from these PV 
systems and while this reduces the island's dependence on coal fired 
power and its carbon footprint, it had no effect on reducing peak 
demand at the case study. Maximum peak demand in tropical areas 
such as the case study location occurs outside daylight hours where 
solar photovoltaic produce energy and there was no suitable battery 
storage to capture PV output for use during peak times. Thus, the 
solar photovoltaic did not contribute to peak demand reduction and 
therefore this change management option was not activated in the 
model. 
• Other strategic interventions 
o The other strategic interventions change management option relates to 
residential consumers having access to interventions to reduce peak 
demand not described above, such as batteries and electric vehicles. 
5.2.8 Scenario testing inputs – Scenario 2 
Firstly, all the change management options utilised in Scenario 1 were applied in 
Scenario 2. In addition to these change management options, the culture node 
probability table was changed to reflect the data found at the case study location. In 
the BN model for Scenario 1, the public support for peak reduction has a high 
response in 10% of the population and a low response in 90% of the population in 
line with the base case from data drawn from customer surveys undertaken by the 
energy industry. The responses from the case study interview participants and the 
80% voluntary request rate for home energy assessments provided cause to 
reconsider these percentages and an opportunity to consider a change within the 
model for these percentages. 
“I regard this as a shared problem … how do we keep peak [electricity] 
demand down as time goes on?” House10 
The success of customer engagement and education which allowed for the large 
home energy assessment rates and the combination of action orientation from the 
personalised feedback during the home energy assessment [16] allows for an 
additional scenario (Scenario 2) to be investigated. It was likely that the high public 
support for peak reduction at the case study location was substantially greater than 
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the base data from the surveys. The new scenario (Scenario 2) has all the change 
management interventions as scenario 1 above, with the additional change of the 
culture node probability table where the high public support of peak reduction 
changed from 10% (Table 5.1) to 80% (Table 5.2), with low public support changing 
from 90% (Table 5.1) to 20% (Table 5.2). 
Table 5.1. Base case culture node probability table 
Culture High Low 
Public support for peak reduction 0.1 0.9 
Public support for renewable sources of energy  0.8 0.2 
Public support for mandated standards 0.5 0.5 
Table 5.2. Scenario 2 culture node probability table 
Culture High Low 
Public support for peak reduction 0.8 0.2 
Public support for renewable sources of energy  0.8 0.2 
Public support for mandated standards 0.5 0.5 
 
5.2.9 Scenario input sheet 
The figure below (Fig. 5.2) indicates the BN change management option input areas 
by checkbox or dropdown menu to run the scenario of choice. Scenario 1 was based 
on the change management options identified during the case study location 
interviews and selected in the input sheet. 
After selecting a locality (e.g. Queensland, Townsville, Toowoomba) from a drop 
down menu, a combination of the change management options (Acknowledgement 
and recognition, Time of use tariffs, Off-peak tariffs and managed supply, Customer 
education and engagement, Price increase, Appliances (minimum performance 
standards), Capital Spend – Insulation, Capital Spend – Photovoltaics) could be 
selected. Further, the customer-industry engagement could be selected at the 
household (individual), local community and broader community level, with 
education and engagement possible to be selected in the model separately or 
together. Finally, the Environmental sensitivity for change context for each option 
could be set to high or normal. 
92 Chapter 5: Application of a Bayesian network 
 
Figure 5.2. Input table for scenario testing. 
The model allows for selection of a locality, and currently the model has a 
Queensland, Townsville and Toowoomba weather and demand profile available. The 
Physical Environment node in the model specifies the location with the modelled 
characteristics of number of households, housing profile and climatic and weather 
extremes. This data was populated using publicly available information from the 
Australian Bureau of Statistics. The House node in the model provides for the 
construction, type, size and star rating of the houses in the given location. This 
interacts with the Physical Environment to give a heat load for cooling and heating. 
A change in the star ratings of the houses, together with behavioural changes, such as 
setting the thermostat at a higher temperature and of not turning the air conditioner 
on at certain times will interact with the basic house aspects in a location. 
The model allowed a region specific result which took into consideration the load 
profiles, weather, energy appliance use and demographics for the area. For this 
research, the region Townsville was selected because Magnetic Island is considered a 
commuter suburb of Townville, with similar demographics and weather. This 
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allowed for the pre-intervention system model base case to represent a similar 
climate and demographic situation as the post-intervention case study location. 
The output of the BN was analysed to investigate the system model interpretation of 
the practical outcome at the case study location, and to explain the relationship of 
factors influencing peak demand reduction. 
5.3 Results 
The results section will detail the BN scenario testing output for Scenario 1 and 
Scenario 2. 
5.3.1 Scenario 1 results 
The BN model provided outputs showing the reduction in network peak demand in 
table (Fig. 5.3) and waterfall chart form (Fig. 5.4). The peak demand reduction for 
Scenario 1 is 4.5% in summer. 
 
Figure 5.3. Peak demand reduction for applied interventions (Scenario 1). 
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Figure 5.4. Peak demand reduction for applied interventions (Scenario 1) 
5.3.2 Scenario 2 results 
The BN model provided outputs showing the reduction in network peak demand in 
table (Fig. 5.5) and waterfall chart form (Fig. 5.6). The peak demand reduction for 
Scenario 2 is 6.4% in summer. 
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Figure 5.5. Peak demand reduction for applied interventions (Scenario 2) 
The waterfall charts shows the impact of each change management option 
intervention. The peak demand starts at 100% on the left hand side and decreases by 
the value of peak demand reduction resulting from each change management options. 
The level on the right hand side is the cumulative effect (100% minus the cumulative 
percentage reduction). The largest peak demand reduction for both scenarios was 
provided by off-peak tariff and managed supply, followed by capital spend – 
insulation and customer education and engagement. 
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Figure 5.6. Waterfall chart of change in peak demand – summer (Scenario 2) 
The table below (Table 5.3) summarises the output from the BN for Scenario 1 and 
Scenario 2. Note that with a change of high public support of peak reduction changed 
from 10% to 80%, peak demand has decreased by an extra 1.9%. Even though off-
peak tariffs and managed supply was the greatest contributor to peak reduction, both 
capital spend – insulation, and customer education and engagement had a greater 
impact change between Scenario 1 and Scenario 2. 
Table 5.3. Peak demand outputs for case study scenarios – summer. 
Intervention  Scenario 1 
peak impact 
Scenario 2 
peak impact 
Change in 
peak impact 
Acknowledgement & recognition  0.13%  0.21%  0.08% 
Off-peak tariffs and managed supply  2.12%  2.59%  0.47% 
Customer education and engagement  0.77%  1.32%  0.55% 
Capital spend – insulation  1.52%  2.32%  0.80% 
Total peak demand reduction  4.53%  6.43%  1.90% 
 
5.3.3 Case study location and system model comparison 
Results from the case study project are shown below in Table 5.4 and Fig. 5.7. 
Table 5.4 shows the highest peak demand for the year and maximum temperature for 
that day, as well as the kW change and percentage change for year-on-year 
maximum demand. The maximum temperature for the maximum demand day does 
not indicate a weather influence to explain the peak demand reduction at the case 
study location and therefore no weather dependency adjustment was made to the 
demand data. Also, the reduction in peak electricity demand over time could not be 
attributed to the installation of solar PV generation systems in the community 
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because maximum peak demand at the case study location occurs outside daylight 
hours. In addition, there was no available battery storage of PV output. 
Table 5.4. Case study location peak demand year-on-year [25]. 
Financial 
year 
Maximum 
demand 
(kW) 
Maximum temperature for 
maximum demand day 
(0C) 
kW change 
(kW) 
% Change 
2007–2008  4949.4  31.5  382  –8.4% 
2008–2009  5396.2  31.2  447  9.0% 
2009–2010  5119.8  32.3 276  -5.1% 
2010–2011  4888.6  31.1 231  -4.5% 
 
 
Figure 5.7. Daily peak electricity demand at case study location [25] 
Fig. 5.7 shows that the peak electricity demand for 2011 was lower than the peak 
level reached prior to the implementation of the case study location project in 2008. 
Electricity demand reached an all-time peak level during the first year of the peak 
demand reduction project. There was a decrease of 5.1% from this peak level in the 
second year, and a 9.4% decrease in the third year. 
By comparison, the system model projected a peak demand Fig. 5.4. Waterfall chart 
of change in peak demand – summer (Scenario 1). reduction of 4.5% in the base case 
(scenario 1) with the interventions highlighted during the qualitative interviews, and 
a 6.4% peak demand reduction (scenario 2) when high public support of peak 
reduction has changed from 10% to 80%. Using this system model to evaluate 
findings from the case study location, the model result within 12% of the practical 
result in the second year would indicate that using the system model for a broader 
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evaluation of interventions is reasonable for further general population areas. Given 
the case study location continued to substantially reduce peak demand after this time 
period would suggest that the system model was potentially conservative for any 
long term peak demand community project. 
5.4 Discussion 
This paper employed a research methodology which synthesised peak demand 
reduction success with a human-centred participatory design methodology. Data was 
gathered using the established methodology of qualitative case study using in-depth 
semi-structured interviews with thematic analysis of the data. The opinions and 
experiences of the people who changed their electricity use were analysed thereby 
presenting a unique opportunity to understand long-term residential peak demand 
potential from the residential customer perspective. This data was then used to 
populate a complex systems BN model to describe the interventions at the case study 
location to replicate the case study conditions for scenario testing in an attempt to 
further understand the success of a residential consumer peak demand reduction 
project. 
As a foundation, the residential peak demand complex system model was developed 
using Van Raaij and Verhallen [26] and Keirstead [11] integrative models. The 
model was then further developed and expanded with the development of a BN by an 
expert committee of industry representatives and academics from social science, 
mathematics, statistics and engineering disciplines as well as available quantitative 
and qualitative data from industry surveys and published research. The model was 
represented in graphical form to show the causality of relationships within the 
complex network of residential peak electricity demand. One of the real strengths of 
the model was that data from technical, economic and behavioural systems were able 
to be accommodated in a multidisciplinary approach within the BN model for 
scenario testing and as a measurement tool. Two scenario evaluations were 
undertaken by modifying the change management options and probabilities in the 
BN in accordance with the interventions undertaken in the project. 
5.4.1 Contributors to peak demand reduction 
The BN model evaluated the impact of change management options for Scenario 1 
and Scenario 2. The largest peak demand reduction intervention, as output of the BN 
model, was the off-peak tariffs and managed supply change management option. In 
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both Scenario 1 and Scenario 2, the impact of this intervention was just less than half 
the total peak demand reduction. This technical intervention continued to impact 
peak demand because of its “set and forget” design, with the consumer needing to be 
proactive to remove this intervention thereby avoiding the need for direct 
involvement for energy-conscious behaviour as identified by Van Raaij and 
Verhallen [26]. This intervention targeted the large energy consumer appliances with 
flexible operating times in the home. By avoiding the gap between intention and 
action, the off-peak tariffs and managed supply change management option 
overcame old habits, behaviour change and distractions from other activities in 
reducing peak demand – activity identified as important by Verplanken and Faes 
[28]. 
The next largest peak demand reduction intervention, as output of the BN model, was 
the capital spend – insulation change management option. In both Scenario 1 and 
Scenario 2, the impact of this intervention was slightly more than one-third the total 
peak demand reduction. According to Sullivan [24] there is a gap between the level 
of investment and level of economically viable energy efficiency investment 
opportunities. This economic intervention overcame the barrier of cost-benefit hurdle 
rates which prevent residential consumers from investing in energy efficiency 
products. Just as Dennis [7] described the need to make the payback times for 
investment clear to the consumer so as to make a positive decision to invest, the 
capital spend – insulation change management option, which includes insulation, 
energy efficient hot water systems, pool pumps and other energy saving products, 
facilitates adoption by lowering consumer investment hurdle rates and accelerating 
payback times. 
The other major contributor to peak demand reduction, as output of the BN model, 
was the customer education and engagement change management option. For 
Scenario 1 the impact of this intervention was slightly more than one-sixth the total 
peak demand reduction while for Scenario 2, the impact of this intervention was 
slightly more than one-fifth the total peak demand reduction. 
5.4.2 The impact of public support for peak reduction 
The customer education and engagement change management option increased the 
peak demand impact with a greater public support for peak reduction (from 0.77% to 
1.32%). 
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From the qualitative interview responses and the themes analysed, the education and 
engagement change management option was a progressive intervention from day one 
to the end of the project. The increase in support for peak reduction would seem to be 
a result of community connection with the energy utility through accessibility and 
long term commitment to the community. When community leaders and peers 
accepted active engagement and education, the community public support for peak 
reduction increased. The model seems to indicate that the education and engagement 
change management option and the increase in public support for peak reduction are 
linked and this was certainly supported in the interview data. 
The diverse result with capital spend – insulation, where the impact of peak demand 
increased with greater public support for peak reduction (from 1.52% to 2.32%), fits 
with the diffusion of innovation model developed by Rogers and colleagues [20]. 
Rogers [20] found that social peers influence the rates of innovation acceptance. He 
suggested that individual innovativeness is affected by both an individual's 
characteristics as well as the nature of the social system to which the individual 
belongs. Cultural change of the community, therefore, can affect decisions of the 
individual. The impact of the capital spend – insulation change management option 
increased more than the off-peak tariffs and managed supply change management 
option, with an increase in public support for peak reduction (see Table 5.3 above). 
This result would suggest that a change in culture is more influential to the economic 
intervention for energy efficiency investment than a technical intervention. However, 
the total of off-peak tariffs and managed supply change management option on peak 
demand increased (from 2.12% to 2.59%) and remained the largest contributor to 
reduction. 
5.4.3 Multi-disciplinary approach 
Each disciplinary related intervention could be considered in isolation, but what the 
BN model output in Scenario 2 showed was that there can be strong interaction 
between one intervention and another. The increase in public support for peak 
reduction positively influenced all change management options. In his calls for a 
multi-disciplinary approach to demand reduction, Keirstead [11, p. 3065] said “early 
attempts to encourage energy conservation demonstrated that these [single discipline] 
frameworks often miss important contextual factors such as cultural values and 
behavioural interactions with technologies” and that a “broader perspective is 
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needed”. The success of the social approach at the case study location, which 
increased public support for peak reduction, showed how the economic, technical 
and social change management options could achieve greater peak demand 
reductions. It also highlighted the contextual factors that Keirstead [11] was referring 
to. 
The BN model is a vehicle to visually and quantitatively examine the interaction of a 
multi-disciplinary approach, and evaluate the impact of a change in one disciplinary 
approach or intervention on others in the system. As such it has provided an excellent 
tool to understand the practical case study situation. However, the BN model could 
not describe the sequencing of implementation of the change management options at 
the case study location in the same way that qualitative research was able to. 
The qualitative research data from the in-depth participant interviews indicated that, 
at the first stage, community engagement from the social science discipline allowed 
for trust and a change culture to be built. Through community engagement, general 
knowledge on energy conservation and its benefits were broadcast to the community, 
with awareness of economic and technical elements of interventions raised prior to 
the home energy assessment. However, once access to residential households 
occurred, personalised information including technical, economic and behavioural 
solutions could be tailored to each consumer. 
What allows a personalised information approach through access to the residential 
household can be the community acceptance of the energy utility – through 
community leaders and peers of the individual [16]. “The individuals that these 
nested models describe can themselves be nested within networks of social 
interactions and within socio-technical regimes that provide both context and 
constraint” [29]; p. 169). 
The BN model cannot clearly state sequence, but it can describe the influence of 
nested networks by quantifying elements which are more qualitative in nature. In this 
paper, the BN was able to quantify the benefit of culture change on other change 
management options and its variable influence depending on the target intervention. 
The BN model addressed the blending of qualitative and quantitative data and 
quantified the contribution of the combination of interventions. The BN model 
highlights the multi-disciplinary nature of successfully addressing peak demand and 
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indicates the need for a more holistic approach to residential consumer demand 
reduction. 
The BN model could not describe the case study demand reduction process in the 
same detail as extracted from the participant interview analysis. However, the model 
does have all the elements highlighted by the participants as important in peak 
demand reduction. The case study project consisted of multiple approaches and the 
model visually represents each element, combined them to produce the project 
outcome and showed how each element was necessary in achieving the project 
outcome. The model applies a systematic approach to explain and better understand 
the mix and types of interventions to achieve successful peak demand reduction. The 
peak demand model was able to explain a majority of the peak demand reduction at 
the case study location and included the elements the customers reported as being 
important during the participant interviews. 
5.5 Limitations 
The case study location of Magnetic Island could give rise to peak demand reduction 
variances in a practical sense from systematic model results because of its distinct 
environment. Townsville was chosen as a proxy location because Magnetic Island is 
a suburb of Townsville and has similar climate and demographics built into the 
model. However, some Magnetic Island residents consider themselves different from 
“mainlanders” because of residing on an island, being a self-selected community, and 
living in a listed world heritage site. 
This view may have little effect on similar peak reduction approaches in other 
communities. However, it is worth noting the perceived difference identified by 
some of the participants. The Magnetic Island community may reflect different 
probability and weights of response to the general system model developed for 
Townsville. Also the Magnetic Island peak demand reduction occurred over a 
prolonged period of time. The BN model currently gives a peak demand reduction at 
a snapshot in time. More analysis would be necessary to develop an understanding 
on the time dependency of results. 
This paper has explored peak electricity demand reduction at a community level 
rather than at an individual meter level. While, this paper was not aimed at testing, 
evaluating or improving the model, it must be noted that BNs consist of assumptions 
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and approximations. The BN model can be continually improved by using practical 
data from other communities to adjust sensitivities to the model construct. This 
“theory meets practice” approach would help identify specific information gaps 
where targeted work could be applied to further strengthen the model. 
 
Figure 5.8. Annual electricity consumption at case study location 
Finally, the case study location's annual electricity consumption was reduced during 
the intervention period (see Fig. 5.8). However, this paper limited its focus to peak 
demand, and therefore electricity consumption reduction analysis would require 
further research. 
5.6 Conclusion 
The use of residential electricity is a complex system where it is difficult to isolate 
one peak demand reduction discipline approach which would be successful. A multi-
disciplinary approach can address energy problems, whether the objective is for 
promoting conservation, energy efficiency or peak demand reduction, avoidance of 
building infrastructure, or encouraging low carbon communities. 
At the case study location, the socio-technical approach used at the individual and 
local community level created an environment for peak demand reduction and the 
complex model was able to predict and explain the successes. Residential electricity 
peak demand reduction is a complex interaction of social-technical elements, and the 
Bayesian Network model can illustrate the number of factors that influence peak 
demand reduction, and the complex interactions between these diverse factors. 
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The real value of the model is that it incorporates the factors that qualitatively the 
residential participants found important. While the model holds these same factors 
important, how the model interprets peak demand change over different time periods 
is for further research. 
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6.1 Introduction 
This chapter is a discussion of an extension to this model, namely cost. It thus 
addresses research question 4, which is discussed further in Section 7.4. Any agency 
considering efforts to influence the peak demand for electricity by households would 
need to consider the costs of those interventions as well as the estimates of the 
possible impact of implementing them. The purpose of this chapter is to examine 
possible approaches to adding the costs of well-designed interventions as a means of 
understanding the correct balance of interventions to reduce network peak demand 
for electricity in a constrained network. This chapter discusses two such approaches 
to adding cost to the model. While the implementation of these approaches is outside 
the scope of this thesis, these discussions form the foundation of further research (see 
Chapter 7). 
The original Bayesian network (BN) presented in Chapter 4 uses single Trust, 
Knowledge and Culture nodes as inputs for each Change Management Option 
(CMO). As further outlined in the discussion in Section 7.4, the model could be 
expanded to accommodate the fact that different CMOs will be influenced differently 
by these nodes and that the prior states of those nodes will be different for each 
CMO. This would both aid and complicate the modelling of cost. By creating sub-
models related to each CMO, this would simplify the addition of cost as the cost of 
each CMO could be determined separately. However, replicating the Trust, 
Knowledge and Culture nodes in the model would require the CPTs to be elicited for 
the new, separate interactions. It would also lead to the need to add further 
interactions and may create sequencing issues with respect to understanding how the 
CMOs and changes to their input nodes would influence network peak demand due 
to interactions of the CMOs and their specific input nodes with the other CMOs. 
The reason for being interested in modelling cost is that different networks are 
constrained to different levels. Local subnetworks have an upper limit at which they 
can deliver electricity. Some networks and subnetworks may have the infrastructure 
in place to supply electricity well in excess of their highest peak demand. Others may 
be constrained and are thus approaching their limit of meeting future increased 
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network peak demand. An example of such a constrained network is Magnetic 
Island, which was approaching the capacity of the cable supplying power. It would 
have required a new cable if network peak demand continued to increase (Ergon 
Energy, 2013). The high cost of installing this cable made the benefits of 
implementing a high intensity intervention strategy clear. However, other networks 
are less obviously constrained and providing a means for program designers to 
understand the costs of interventions related to the anticipated reductions in network 
peak demand could be more important. The model could be developed to allow it to 
reflect that different CMOs may have different prior levels of Trust, Knowledge and 
Culture specific to that CMO and that those nodes may be influenced in a different 
manner than other CMOs. Having made those modifications, investigating the costs 
of implementing these in different networks or subnetworks with specific residential 
customer profiles and modelled anticipated reductions in network peak demand 
would be possible. The model could be further extended to include the sequence of 
interventions as this may be shown to affect the impact. For example, an intervention 
that increased Trust at the level that was desirable for one option could flow on to 
subsequent relevant interventions. 
 
Figure 6.1. Model reconfigured to allow Education and Engagement to impact independently on 
Knowledge and Trust nodes of different CMOs and for interactions between intervention activities 
An example of a model that could accommodate the possibility that different CMOs 
may require different levels and types of Trust and Knowledge is shown in Figure 
6.1. This is a sub-model for a particular CMO in which prior levels of Trust and 
 Chapter 6: Modelling cost of interventions 109 
Knowledge, and the impact of Education and Engagement activities on Trust and 
Knowledge, may be different for different CMOs. Moreover, different CMOs might 
also have specific types of Trust and Knowledge. For example, the Trust required for 
a time of use tariff where a customer is guaranteed water heating for a certain 
minimum number of hours per day is likely to be different to the Trust required for 
an electricity utility to directly control a household’s air conditioner. It also allows 
for the changes, when one CMO is implemented, in the states of the Trust and 
Knowledge nodes within the sub-model of that CMO to impact the Trust and 
Knowledge nodes on other related CMOs. An illustration of this would be building 
Trust and Knowledge for one type of CMO, for example, the control by electricity 
companies of people’s air conditioning, may lead to a flow-on of the Trust to 
different CMOs, such as a time of use for hot water heating. However, the flow-on 
effect may not occur in the opposite direction. This interaction effect from, and on, 
other CMOs can be built into the model through the additional nodes. These are 
shown as the orange coloured Knowledge and Trust nodes which feed in from other 
relevant CMOs. The levels of Trust and Knowledge calculated for this CMO are 
shown to have an impact on other relevant CMOs through the Knowledge and Trust 
nodes on the bottom right hand side of Figure 6.1. 
Having developed this representation, with its multiple CMO systems, two 
approaches to adding cost were considered. One approach was to combine costs 
using categorical levels across all activity combinations and the other was to enable 
dollar values to be used. These two approaches are discussed in more detail in 
Sections 6.2 and 6.3. 
6.2 Combining costs using categorical levels across all activity 
combinations 
This approach allows all combinations of the CMOs to be considered in the costing 
model. This incorporates the Education and Engagement activities at the Broader 
Community, Local Community and Household levels for each of those CMOs 
(Figure 6.3), each with their associated costs. The idea here was to assign categorical, 
Nil to Very High, costs for each of those interventions and then to roll those 
categorical levels of costs into the total cost for the scenario being considered. This 
rolled-up categorical cost of Low to Extremely High would then be interpreted by the 
user based on their knowledge of the particular network unit they were considering: 
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its population, preparedness to change and the degree to which a network was 
constrained. The costs of implementing a particular scenario would thus be different 
for each network to which the model was applied. 
In considering the costs of the CMO activities, it was recognised that there may be 
similarities in the levels or the type of Knowledge and Trust that may be needed to 
implement a well-designed intervention. Additionally, there may be sequences or 
flow-on benefits of Knowledge and Trust wherein enhancing Knowledge and Trust 
with one intervention may have an impact on a subsequent intervention. It must be 
recognised that this ‘flow-on’ may be only in one direction. For example, to capture 
Trust engendered through Engagement in an intervention such as Smart Meters may 
lead to building Trust for a subsequent intervention (or interventions) with very little 
or no further Education or Engagement activities being needed for this subsequent, 
well-designed intervention.  
The detail for the roll up approach with the individual costs for a specific CMO, 
using the cost categories, is shown in Figure 6.2. The mode by which the costs are 
rolled up is shown schematically in Figure 6.3. (Note that it is not intended that the 
reader be able to extract the details of this latter figure. It is presented to show 
visually how the costs for Education and Engagement activities and for each CMO 
could be gathered up in a stepwise fashion.) The process for the roll up of these 
categorical values is further described in Appendix 7. 
 
Figure 6.2. Costs for a single particular CMO 
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Figure 6.3. Rolling up cost levels from individual CMOs and associated CIE activities 
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6.3 Adding cost to enable dollar values to be used 
A second approach to providing specific dollar values for a scenario would be to 
limit the range of interventions and associated Education and Engagement activities 
to a scenario that would achieve the desired level of reduction in network peak 
demand. 
The cost of the intervention alone (CMO nodes) could be determined and then the 
cost of combining that with Education and Engagement activities at the Broader 
Community, Local Community and Household levels (CIE nodes) could be 
determined as part of the development activity and collated in tabular form along the 
lines of Table 6.1. This could be conducted after the estimated impact was 
determined as it may be obvious that these associated activities would be either 
excessively expensive or that the intervention would not achieve its desired outcome 
without a high level of Engagement.  
Table 6.1. Costs for associated Education and Engagement activities with a selected CMO 
CMO -  Broader Community Local Community Household 
Education $ $ $ 
Engagement $ $ $ 
Having determined the cost of the CMO with the correctly designed levels of 
Education and Engagement activities at each of the Broader Community to 
Household levels, the overlapping costs could be determined, synergies identified 
and a summary of total cost determined that could be compared with the impact on 
network peak demand for the constrained network with the scenario selected.  
6.4 Discussion 
This chapter presents two possible approaches to extending the model by adding the 
cost of implementing one or a number of CMOs with varying levels of Education 
and Engagement activities. For the introduction of cost of different intervention 
combinations to be possible, the model would need to be expanded by providing 
separate nodes for each CMO sub-model with their differing prior levels for 
Knowledge and Trust and also to provide for interactions between the new nodes of 
the model. 
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The roll up method using categorical levels across all activity combinations, where 
any combination of CMOs and any combination of Education and Engagement 
activities of each of those CMOs could be used, provides for Knowledge and Trust 
that have been increased through applying one intervention to have flow-on benefits 
for a subsequent or concurrent intervention. It must be recognised that this flow-on 
may be only in one direction, for example, to capture Trust engendered through 
Engagement in another intervention. This approach uses categorical cost and allows 
all options to be available in the cost model, which avoids the unnecessary work in 
specifying the actual costs for all possible combinations. With the proposed 
approach, a final cost for the particular scenario for a particular network could be 
determined at the end of the process by manual or other means. 
The second approach, which specifies actual dollar values, has the advantage of 
being much simpler to implement. Although it would be a less automated method of 
applying cost to the model, it would mean that high cost interventions with low 
impact could be readily rejected. This would allow users of the model to focus on 
obtaining the impact required and on selecting the intervention that would best 
achieve it. 
Both approaches would require new CPTs for the all the new nodes that result from 
having the separate CMO sub-models. This would require additional elicitation 
processes to populate the CPTs. However, adding cost to the model would an useful 
area for future research. 
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Network peak demand is an issue that needs to be addressed because it leads to the 
inefficient use of the energy infrastructure. Understanding the drivers and 
interactions in the electricity system of residential households is valuable to the 
design of effective interventions. Developing programs after examining them in a 
model of the type explained in this thesis can lead to an increased understanding of 
the likely interactions and the elements of the system that are important.  
This chapter summarises the context for our study and the development, 
quantification and application of the REPDEM in response to the research questions. 
Suggestions are also made about possible refinements and developments of the 
model which could be the target of future research. 
7.1 The context for our study 
The research into reducing network peak demand comes out of early work aimed at 
reducing energy consumption. Reducing energy consumption is also an imperative 
for network peak demand, but in addition, network peak demand can also be 
addressed by rescheduling electricity use. The need for energy conservation became 
especially evident in north western America with massive blackouts due to the 
supply-demand imbalance for electricity (Dobson et al., 2007), and this led to a 
research focus on technological factors such as increasing the energy efficiency of 
housing and appliances (Loughran and Kulick, 2004). However, the significance of 
inducing customer behaviour change and of using behavioural approaches aimed at 
accelerating efficiency of adoption also started to be recognised. Lutzenhiser (1993) 
said, of earlier work, that it had focussed “almost entirely on the physical 
characteristics of buildings and appliances, and on the aggregate effects of rising 
energy prices” and proposed the need for interdisciplinary collaboration to enable an 
expansion of research on the social and behavioural aspects of energy use. Several 
important systems models were developed for energy consumption such as Van Raaij 
and Verhallen (1983), who proposed a behavioural model of energy use that 
emphasised relationships between groups of variables, the core ones being energy 
use and energy-related behaviour. Keirstead, who in reviewing the field in 2006, 
proposed another systems model of energy consumption (Keirstead, 2006). This 
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work resulted in the socio-technical models that we have drawn on to develop our 
model of network peak demand (REPDM). 
The fact that network peak demand has been growing at a faster pace than demand 
has made it an issue. Residential customers’ disproportionate contribution to this 
makes them into a worthy subject of research. The earlier research focus again 
tended to be on the technological aspects of the problem such as housing insulation 
and high efficiency lighting (Hill and Hirst, 1985). Therefore, a research interest 
arose in combining the social and technical aspects determining network peak 
demand. A recent example is the ADVANCED model, which is based on the 
assumption that there is a crucial human dimension to introducing technology-based 
solutions (ADVANCED, 2015). It aims at strong engagement that is designed to 
facilitate the participation of customers by providing information and incentives to 
motivate households to alter their electricity usage to minimise their impact on 
networks, as well as offering meaningful benefits to customers for participating. It is 
an example of an approach with a strong engagement focus with economic 
incentives, but it is not a quantitative model and it is not a whole systems approach as 
it is does not encompass other CMOs that could be part of the network peak demand 
mix. 
The quantitative systems model reported here is an example of socio-technical 
models that are designed to inform policy development and implementation in the 
area of complex human-based industrial systems (Lutzenhiser et al., 2010). 
Electricity utilities need such models because they are seeking flatter consumption 
patterns, but more especially because they are seeking to reduce the critical peaks of 
network peak demand that occur for only a few hours per year. The behaviour 
changes sought for such critical periods are different from the sustained behaviour 
changes for energy consumption. Although measures to flatten energy demand also 
have sustainable behaviour and hardware implementation factors that are similar to 
the energy conservation measures, the need with peak demand is either to reduce 
consumption or to reschedule consumption away from peak times. For example, 
households may be encouraged to reschedule their consumption at peak times 
through such measures as time of use tariffs, critical peak pricing and demand tariffs 
(Energex, 2015). Such approaches seek sustained behaviour change through 
economic signals. However, it is known that a combination of economic incentives 
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and relevant information can deliver the greatest demand response (Frontier 
Economics and Sustainability First, 2012). Another example of the importance of 
modelling the impact of socio-technical factors is shown by the introduction of 
Household Electricity Management Systems (HEMS) (Beaudin and Zareipour, 
2015). One way to use hardware to reschedule consumption is for electricity utilities 
to implement direct load control, which allows them to do such things as turning off 
compressors in air conditioners for 10 to 15 minutes each hour, but leaving the fans 
running. Electricity utilities find this technological intervention attractive and trial 
participants said that they didn’t notice any drop in comfort (Strengers, 2008). 
However, the mass market resistance to uptake of such measures highlights the 
human dimension of such interventions in these kinds of systems (ADVANCED, 
2015).  
7.2 A deeper investigation of specific system elements 
Building models using Bayesian networks (BNs) allows users to examine in detail 
specific nodes and their sub-models to investigate the impact of making changes in 
those elements. This drilling down into particular aspects of the model can yield 
insight into how changes may be incorporated into program designs and specific 
interventions. The socio-technical approach that we have proposed to reduce peak 
electricity demand involved social dimensions such as Trust, Culture, Knowledge 
and Education and Engagement activities. The latter Education and Engagement 
elements, in the CIE node of the model, are important in that they directly influence 
the Knowledge and Trust nodes, and indirectly influence the Propensity to Change 
node through those nodes. It is possible with the BN to test various levels of 
Education and Engagement activities and to investigate how different CMOs 
responded in the model under different scenarios.  
The model could provide for those elements to have different levels and responses 
related to the specific CMOs. Scenarios could be developed which varied in a step-
wise fashion from a low level of activities, for example with just the provision of a 
Standard bill with general information, through to an extremely high level of 
Engagement similar to that conducted on Magnetic Island (see Chapter 5). To 
implement this would require a change in the Excel spreadsheet that was developed 
to quantify the REPDM. In the spreadsheet, the CIE activities were represented by 
toggle boxes that could be ticked when activities were said to be present or not 
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present. The Excel implementation for this possible investigation would use the 
GeNIe implementation of the social dimension of the model (described in Chapter 4). 
Rather than just the Yes or No, of the spreadsheet toggle box implementation, for 
Education and Engagement activities directed at the Broader Community, the Local 
Community or Households, the GeNIe model could allow for these activities to vary 
from Nil to High by setting a percentage of the High level for each input node of the 
CIE sub-model. This would allow the outputs of the CIE node and the final 
Propensity to Change node to be calculated for each scenario. The Propensity to 
Change outputs from GeNIe could then be transferred to the Excel implementation to 
calculate the reductions in network peak demand for each of the CMOs. Some initial 
work has been done on this, demonstrating the need to provide separate sub-models 
for each CMO along the lines described in Section 6.1 and presented in Figure 6.1. 
7.3 Developing, quantifying and applying a systems model of network 
peak demand 
The REPDM which we developed in collaboration with Ergon Energy provides, for 
the first time, a quantified, socio-technical systems model of network peak demand 
for residential electricity use. It contributes to the field because it moves beyond the 
systems models that have considered the total energy demand of residential 
customers, or that have only considered technical or social factors in network peak 
demand. It expands on the studies which have taken a socio-technical approach but 
did not examine interactions beyond a single intervention or a limited range of 
interventions. 
The work we present here on research question 1 utilises systems thinking and a 
BN approach to developing a means of quantifying a model that combines the 
sociological and technical factors that impact on network peak demand of 
householder use of electricity. It models the probabilistic aspects of household peak 
demand and is a case study highlighting the benefits of a systems approach to 
looking at a complex human-based industrial system.  
Validation of a model is a key element of the development cycle. The model was 
validated internally and externally, as reported in Chapter 4. As the proof of concept 
model is further refined and the data used to populate it is improved, there will be 
more opportunities to validate the model against the outcomes of real programs and 
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policies that are implemented through interventions aimed at peak demand reduction. 
The BN model was tested against field data from Magnetic Island (Ergon Energy, 
2013). Even with the model in its then early state of development, it displays how the 
outputs of the model were able to describe a majority of the peak demand reduction. 
This paper provides strong evidence of the robustness and validity of the model as 
well as its ease of use and augurs well for the further refinement and development of 
a BN approach for this and other human-based industrial systems. 
The participative nature of the workshops and iterative feedback to build the 
conceptual model and to quantify it had the added benefit of making explicit the way 
the model works and the importance of designing intervention strategies that 
incorporate the right mix of elements of the system. The manner in which this 
systems approach and a BN implementation to quantify the system led to positive 
outcomes for the project’s electricity industry partners demonstrates that this 
approach could be applied to other complex human-based industrial systems. 
Translating complex systems into a quantified model needs to maintain transparency 
to users, one of the strengths inherent in BNs. In investigating research question 2, 
we find that in fact a BN approach provides transparency of the model, the 
interactions between the elements of the system and most importantly, allows for the 
use of varied sources of data of varying types. The types can vary from data from the 
engineering study of heating and cooling of houses and the energy ratings of 
appliances through to expert elicited data that may be used, in the first instance, to 
build the BN. We find further that modelling the BN in Excel enhances this benefit. 
It allows businesses and others who regularly use such software to perform Do It 
Yourself updates of the values, use different customer segmentation tools and 
visualise the outputs and the intermediate states leading to that. The application of 
the model to the Magnetic Island case study further shows that the clear, easily used 
layout of the model, with its dashboard for inputs, provided users with the ability to 
update sub-element values, in this instance Culture, which allowed the desired 
scenarios to be assessed. Others were able to both use the BN and modify inputs 
based on locally relevant data for a specific network. 
Over a year after we provided Ergon with the hand-over model, they requested a 
workshop to investigate the likely impact of a Time of Use tariff. Two analysts, who 
had had no previous involvement, questioned the network peak demand reduction 
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from one intervention, but they were able to see that the anticipated reduction was 
based on a limited target demographic for the intervention modelled. As the size of 
the target demographic was transparent in the model, they could see that they needed 
to propose an alternative, highlighted by the obvious need to design the intervention 
to target a demographic that was large enough to achieve desired peak demand 
reduction. 
There were, however, limitations with using Excel that had to be addressed. The 
spreadsheet approach makes it difficult to include aspects of the variable interactions 
such as their probabilistic nature and the fact that calculations can be in both 
directions (eg what is the likely state of parent nodes given evidence of the state of a 
child node?). The constraints of spreadsheets mean that omnidirectional inference 
calculations cannot be made as spreadsheet calculations are one-way. The ability to 
use evidence in the model and allow backward propagation can, however, be 
implemented in the GeNIe version of the model described in Section 7.2. Another 
limitation of Excel is that equations are placed in cells, which can lead to messy 
programming and potential errors. These were managed using the approaches 
described in Appendix 1, such as writing the equations for the marginal probability 
equations using non-kerning fonts to ensure that they were correct and using Excel 
capabilities such as concatenation and lookup tables to stop the equations being 
constructed with potentially problematic cell references. 
Research question 3 involves application of the model. As part of a study into the 
impact of the Solar City program on Magnetic Island (Ergon Energy, 2013), the field 
research that had been carried out was tested against the BN model to compare the 
impact of interventions under the various scenarios described in Chapter 5 with the 
response actually observed. Chapter 5 provides evidence for the power of the model 
to provide realistic estimates of impacts. 
The other potential application of the model, described in Section 7.2, demonstrates 
how it could be useful to program developers to drill down into specific aspects of 
the model leading to an improved understanding of the likely impacts of different 
intervention approaches. Specifically, the model allows users to see the potential 
importance of having a well-designed engagement strategy, rather than relying on 
non-targeted advertising, where the complexity of the CMOs demands it. With the 
proposed modifications, the model could be used to trial the implementation of 
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different scenarios to find the optimum level of Education and Engagement activities 
with customers and thus tailor the actual intervention with more chance of success. 
The possible extension of the REPDM model to address research question 4 is dealt 
with in Chapter 7. This chapter provides some approaches by which cost could be 
added, allowing users to trial different scenarios of CMOs and see their impacts, 
balanced against the cost of implementing them.  
Our contributions now leave this field of network peak demand with a model that can 
be applied to policy development. The Bayesian network implementation of the 
conceptual REPDM provides for transparency of operation and enhances users’ 
understanding of the importance of the system elements. It makes it easy for users to 
update the relevant parameters used to drive the model and to see which ones need to 
be updated. The outputs of the model and the states of key intermediate elements 
(nodes) of the system are made clear through their graphical representation. Our 
research has thus provided a better model that encourages engagement by program 
and policy designers, which can flow through to the development of improved 
intervention strategies. 
7.4 Potential for refinement and development of the model 
Whilst being cognisant of Box’s question about models, “how wrong do they have to 
be to not be useful?” (Box and Draper, 1987), creating more nuance in a model can 
create improvements. In the case of our REPDM, we could consider five broad areas 
for refinement and development of the model.  
7.4.1 Changes to model structure and Change Management Options 
The model could be further developed to take into account the fact that Education 
and Engagement activities may impact on the Trust and Knowledge nodes differently 
for different CMOs and that different CMOs enter the system as interventions with 
differing levels of complexity and other attributes. In addition, there may be spin-off 
impacts from implementing one intervention on other CMOs that would need to be 
accommodated in the model.  
Different CMOs may have different requirements for building Trust and Knowledge. 
Allowing for Education and Engagement activities to influence these nodes directly 
rather than through the intermediate CIE node would provide a more complete 
model. Further, different CMOs have different levels of prior Trust and Knowledge 
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and have different levels and types of CIE activities that are needed to build the Trust 
and Knowledge required for them to achieve the potential impact from a well-
designed intervention. This means that the social dimension of the model could be 
built with separate sub-models for each CMO, so they could be considered separately 
while recognising possible synergies between interventions, or the CMOs could be 
categorised to simplify the number of sub-models needed. The latter approach would 
require the CMOs to be grouped into those with similar characteristics, most 
pertinently into those of related complexity of implementation or of effort required to 
lead to sustained behaviour change or the adoption of set and forget mechanisms.  
The CMO or CMO type sub-model that could be built and integrated into an 
expanded model is shown in Figure 6.1. Separating the CMOs means that there 
would be a need to recognise spin-off effects of Education and Engagement activities 
carried out for one CMO, and that the levels of Trust and relevant Knowledge 
achieved in conducting those activities could impact on other concurrent or 
subsequent CMOs. Separating the model into sub-models for each CMO would 
require the parameters and CPTs to be populated for each new CMO CPT 
combination. This means that the expert elicitation process carried out for the initial 
CPTs would need to be replicated for all the new CPTs. 
7.4.2 Refining the Propensity to Change node 
The changes in the Appliance Usage values for each CMO are calculated based on 
the Propensity to Change node and as such it is a fulcrum node in the model. The 
assumption is made in the model that Propensity to Change is behaviour change. 
Although it is well known that even stated intention is not action, there are many 
models of practice change which use proxies (Frankel, Heck and Tai, 2013),. For 
example, Bennett’s Hierarchy provides a categorisation of change behaviour 
measures in which the KASA (Knowledge, Attitudes, Skills and Aspirations) 
components are used as a proxy of adoption rather than looking at behaviour change 
or measuring changes in the Social, Environmental and Economic Conditions at the 
upper levels of his Hierarchy (Bennett, 1975, Radhakrishna and Bowen, 2010). 
Similarly, the McKinsey & Company report on energy behaviour (Frankel, Heck and 
Tai, 2013) also bases their prediction of anticipated behaviour on expressed 
intentions. For products and services such as efficient air-conditioning, home energy-
information or control-system and prepay, they assumed that 55% of respondents 
 Chapter 7: Discussion 123 
answering ‘definitely’ to a survey question and 10% answering ‘probably’ are likely 
to buy those products or sign up for services. For Smart Plugs, they assumed that 
70% of respondents answering ‘definitely’ to a survey question and 20% answering 
‘probably’ are likely to buy them. Thus, it can be seen that our approach with the 
Propensity to Change node is reasonable. 
However, in future iterations of the model it may be useful to add adoption attributes, 
for example from Rogers (2003), or psychological factors of each CMO as they 
relate to the Propensity to Change node. For example, Fogg (2009) summarises the 
key factors of persuasion as Motivation, Ability of people (also related to complexity 
of the behaviour change sought) and Triggering events, which all need to be present 
in the required levels for action to occur. Although expert informants working within 
their industry have a good idea of the relationship between likely behaviour and 
attitudes, intentions skill and knowledge, it could strengthen our model if the expert 
elicited source of the parameter values used for this node were supplemented by such 
other dimensions.  
7.4.3 Demographics and market segmentation 
The market segmentation used in the model was the one being used by Ergon 
Energy. However, it became apparent that the PersonicX tool appeared more 
appropriate to general customer consumption and there may, in fact, be large 
differences in peak demand behaviour change within individual segments. For 
example, it is possible for ‘Boomer Barons’ with a high level of wealth to vary in the 
behaviour change characteristics from being very willing to change their peak 
demand behaviour through to others in the same segment being disinterested and 
prepared to just pay for the electricity they want, when they want it, with no concern 
or even recognition of peak demand.  
Using one of the other segmentation tools mentioned in the literature review (Section 
2.3) might strengthen the model. The one proposed by McKinsey & Company, which 
categorised customers according to their orientation to electricity, rather than life 
stage and socio-economic factors, would seem to provide for a more targeted design 
of interventions (Frankel, Heck and Tai, 2013). 
7.4.4 The timing of impact of Change Management Options 
The time to achieve the modelled reduction in network peak demand becomes 
relevant to policy makers seeking to defer investments in new supply capacity. If 
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reductions are needed in the short-term, the impact in the longer term is not relevant. 
One area where this is clear is with the setting of minimum standards for appliances. 
Due to the long life of appliances such as refrigerators and air conditioners, the 
setting of efficiency standards may not become apparent in their impact on network 
peak demand for many years (DEWHA, 2008). In developing a proof of concept 
model, we limited the impact to a single point in time, which is a simplification. In 
further iterations of the model, if there were data available, approaches which come 
out of diffusion of innovation research (Rogers, 1962, Rogers, 2003) could be used. 
We know from these and other studies in diffusion of innovation and the 
mathematical modelling of this provided by the Bass model (Bass, 1969, Bass, 1995, 
Bass, 2004) that the uptake of new behaviours follows an s-curve.  
Bass (2004) separated the Innovators of the Rogers’ model from the remaining 
segments, which Bass termed Imitators. The number of new customers at time t is 
given by 𝑛𝑛(𝑡𝑡) = �𝑝𝑝 + 𝑞𝑞 𝑁𝑁(𝑡𝑡)
𝑀𝑀
�  �𝑀𝑀 − 𝑁𝑁(𝑡𝑡)�, where 𝑁𝑁(𝑡𝑡) is the number of customers 
who have adopted by time t, and p and q are the parameters related to the Innovation 
and Imitation components of the model. This equation results in the following Bell 
and S- curves for n(t) and N(t) respectively for various values of p and q (with M = 1) 
(Kiesling et al., 2012).  
 
Figure 7.1. Bass model adoption curves 
    N(t) and n(t) for various values of p and q(M = 1) (Kiesling et al., 2012) 
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The steepness of the curve, as shown in the various graphs in Figure 7.1, determined 
by the parameters, provides an estimate of time to achieve a majority uptake level. If 
this could be applied in the realm of achieving reductions in network peak demand 
for electricity, it may lead to decision makers being able to make a better choice 
between interventions. The Bass modelling was not used here as data as the 
parameters were not available. If further data became available, outputs from a Bass 
modelling approach could be incorporated in the BN, expanding on its current 
strength of allowing the modelling of complex systems and using Bass model outputs 
as a further source of information. 
7.4.5 Other paradigms 
Although beyond the scope of this project, it may be observed that the interventions 
trialled in the model come from a paradigm which accepts that people need to have 
access electricity to, for example, maintain their comfort at all times. There are 
alternative paradigms of reduced reliance on peak demand intensive appliances. In 
1992, Amory Lovins (Lovins and Burns, 2011) showed that people’s perceptions of 
thermal comfort could be a better way to view potential drivers of air conditioner 
use. Strengers (2012) expands on this approach and suggests that demand managers 
may need to change their role from asking households what their needs are to one of 
creating new concepts of needs. In a paradigm shift, it would be interesting if energy 
companies would also engage with whether air-conditioning is a necessary service 
(Strengers, 2010). Addressing expectations and needs may be a better approach in 
such a cultural and normative realm and require demand managers to shift the 
understandings embedded into a practice rather than attempting to have people adopt 
new environmental morals and economic rationality (Strengers, 2012). Modelling 
these expanded dimensions in new interventions could yield interesting insights. 
7.5 Conclusion 
The anticipated peak demand on a network can be managed through either increasing 
the network’s capacity, using technologies such as distributed generating or battery 
storage or through using strategies to reduce that peak electricity demand. It reports 
on the development of a model that provided quantified outputs of the residential 
component of the electricity system with a focus on demand side management, which 
aims to either reduce or reschedule consumption of electricity by households at peak 
times.  
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Translating the conceptual model into one using the power of BNs has met a gap in 
the modelling world by providing a quantified model that was able to use many 
different types of available information to calculate the reduction in residential 
network peak demand. It provides users with the transparency of BNs, which allows 
them to see where the outputs it produces come from. The next phase of this research 
is to make the changes to the model structure and the other refinements described in 
Chapters 7 and 8. This modelling approach, involving collaboration with industry 
partners in an interdisciplinary team and BN implementation, provides the 
opportunity for program and policy designers to interact with the modelled network 
peak demand system and to see the likely impact of policy or program development 
ideas before they are implemented. The case study reveals the power of the approach 
and how it can lead to better policy decisions. 
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Appendices  
Appendix 1. Construction of the BN in 
Microsoft Excel 
 
1  A spreadsheet approach to a Bayesian network 
This appendix provides some details and background to the development and 
implementation of the MS function spreadsheet.  
A1.1 Navigating 
Navigating the workbook was facilitated by a variety of modes. As well as a simple, 
hyperlinked contents page, the graphic of the model was also provided with hyperlinks 
where clicking on any of the nodes took the user to the appropriate place in the workbook. 
Further hyperlinks were provided from, for example, the main entry page to the change 
management option that was to be selected to the worksheet for that option. 
A1.2 Using the Conditional Probability Tables (CPTs) to calculate outputs 
To ensure that the calculations for the CPT were implemented correctly, each of the cells in 
the CPT was named using a set approach. Using these named cells, the marginal probability 
value of the Low state for the output for the Knowledge node was calculated for each of 
the Low state cells in the CPT calculated against the probability of the input nodes being in 
each of the High (H), Medium (M) or Low (L) (or High (H) or Low (L) as relevant to a 
particular node). The naming of the cells was developed from, for example, 
Knowledge_HHH_L meaning that the input values for the Low output were in a HHH state. 
This applies for a table set up with Prior Knowledge being the first line, Customer-Industry 
engagement being second and Trust being the last line of the input values.  
=PriorKnowledge_H*CIE_Out_H*Trust_Out_H*Knowledge_HHH_L 
+PriorKnowledge_H*CIE_Out_H*Trust_Out_L*Knowledge_HHL_L 
+PriorKnowledge_H*CIE_Out_L*Trust_Out_H*Knowledge_HLH_L 
+PriorKnowledge_H*CIE_Out_L*Trust_Out_L*Knowledge_HLL_L 
+PriorKnowledge_M*CIE_Out_H*Trust_Out_H*Knowledge_MHH_L 
+PriorKnowledge_M*CIE_Out_H*Trust_Out_L*Knowledge_MHL_L 
+PriorKnowledge_M*CIE_Out_L*Trust_Out_H*Knowledge_MLH_L 
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+PriorKnowledge_M*CIE_Out_L*Trust_Out_L*Knowledge_MLL_L 
+PriorKnowledge_L*CIE_Out_H*Trust_Out_H*Knowledge_LHH_L 
+PriorKnowledge_L*CIE_Out_H*Trust_Out_L*Knowledge_LHL_L 
+PriorKnowledge_L*CIE_Out_L*Trust_Out_H*Knowledge_LLH_L 
+PriorKnowledge_L*CIE_Out_L*Trust_Out_L*Knowledge_LLL_L 
This is the longhand representation of  
P(Knowledge=Low)=∑ 𝑃𝑃(𝐾𝐾𝑛𝑛𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 =𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃,𝐶𝐶𝐶𝐶𝐶𝐶,𝑇𝑇𝑃𝑃𝑇𝑇𝑇𝑇𝑡𝑡 
𝐿𝐿𝐾𝐾𝐾𝐾|𝑃𝑃𝑃𝑃𝑃𝑃𝐾𝐾𝑃𝑃𝐾𝐾𝑛𝑛𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾,𝐶𝐶𝐶𝐶𝐶𝐶,𝑇𝑇𝑃𝑃𝑇𝑇𝑇𝑇𝑡𝑡)𝑃𝑃(𝑃𝑃𝑃𝑃𝑃𝑃𝐾𝐾𝑃𝑃𝐾𝐾𝑛𝑛𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾)𝑃𝑃(𝐶𝐶𝐶𝐶𝐶𝐶)𝑃𝑃(𝑇𝑇𝑃𝑃𝑇𝑇𝑇𝑇𝑡𝑡) 
with the conditioned probabilities being placed at the end rather than the beginning of 
each element of the summation to aid the visual checking (see above). 
A similar set of equations, with an equal output value, could have been constructed with 
any configuration of the input values, for example with Trust being first. 
Each of the equations was checked, and rechecked, by copying it to a text editor that used 
Courier New font (see above) which doesn’t support kerning. The vertically aligned letters 
facilitated the visual examination of the equation. It became relatively fast to develop the 
equations using copy and paste and editing the lines and secondly to check the equations 
by examining the pattern of the states in each line. It may be seen that such a pattern is 
much easier to check than if absolute or relative cell referencing (eg $AF$122) had been 
used. The naming of the cells was similarly checked to ensure that the correct pattern of 
naming had been used.  
The values of the appropriate cells for a particular, for example, location and node 
combination were called by the use of concatenate command which compiled the required 
cell name and then using these via the inbuilt MS Excel INDIRECT function to turn the 
created text back into an equation. 
The following two examples demonstrate how this worked. 
A1.2.1 Example 1. 
The number of households for the scenario location was called from a lookup table using 
the equation 
=INDIRECT(CONCATENATE("Customers_",VLOOKUP(Location,Location_list_abbrevs,2))) 
Thus, the Customers_QLD cell name for the customer numbers for Queensland was built 
from “Customers_” and “QLD” extracted from a lookup of the location table named 
Location_list_abbrevs using the Location “Queensland”. (It will be noted that the term 
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‘Households’ is used throughout the spreadsheet to describe the user entities of interest. 
The term ‘Customers’ remains in the formula as this was the descriptor used earlier in the 
model development.) 
A1.2.2 Example 2. 
Similarly, with the Hotspot selection, as the Hotspot is only selected to create the scenario, 
to enable the appropriate values to be used, the following example shows the process. 
To use the appropriate value for the Residential Segment Profile (RSP) for the Total 
Consumption (TC) for the Hotspot for Generation X Singles (GXS), the coding for the 
Hotspot selected was built into a cell name using 
(CONCATENATE("RSP_TC_Hotspot_",HotSpotSelected,"_GXS")).  
Therefore, for a hotspot for which the values have been entered in the first column of the 
relevant table, when it is selected, the term HotSpotSelected takes the value of 1 and the 
value used for GXS for that location is found with the RSP_TC_Hotspot_1_GXS name. 
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Appendix 2. Network peak demand 
spreadsheet model - work 
sheets 
 
Residential electricity network peak demand model: A Bayesian network approach for 
understanding the social and technical interactions 
The following pages are printouts of the key worksheets in the MS Excel model of the 
model. They provide an overview showing how the nodes of a Bayesian network have been 
given a physicality in the spreadsheet by each node being a separate worksheet. 
It provides the contents page and the conceptual model. Both these textual and graphical 
expression of the model were developed with hyperlinks to guide the user to the 
appropriate pages of the workbook. 
Further, the worksheets printouts provide a snapshot of the state of the workbook when a 
scenario has been set on the main page. 
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This graphic of the model also 
acted as an index and a means 
for navigating the sheets of the 
model. Clicking on the 
hyperlinked nodes moved to the 
appropriate sheet to allow for 
data inputs or examination of 
the outputs.  
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Appendix 3. Translating the conceptual 
model into a BN 
The conceptual model, Figure 4.1 in the paper, was developed as the first phase of a larger 
project and reported in more detail in Buys and colleagues (2015). The figure presents the 
major components of the system. However, each component consists of sub-networks. In 
the quantified system, these components produced outputs based on the states of the 
nodes and the sub-networks that each component contained. There are three broad 
groupings or domains of the conceptual model components – social, technical and 
stakeholders – and the sub-networks are described in the following sections along with a 
description of how the domains are brought together. Further description and definitions of 
the nodes and other items are presented in Tables A4.1 – A4.4, Appendix 4. 
A3.1. Social  
The sub-networks were implemented in the spreadsheet by including the modelled 
elements in the relevant sheet for the Bayesian network. 
The components of the social domain were Knowledge, Trust, Culture, Household 
Demographics, Propensity To Change, Environmental Sensitivity (Context) and CIE. 
The state of Trust was modelled as being the result of the state of its input nodes of Trust in 
energy providers and trust in public institutions. The Culture node was built on a sub-
network consisting of the influence of public support for peak reduction, public support for 
renewable sources of energy and mandated standards leading to a Culture dimension 
influencing propensity to change. The states of the Knowledge node are influenced by the 
Trust and Customer-industry engagement components shown in Figure 4.1 of the paper. 
Additionally, the states of Knowledge are also influenced by the prior states for Knowledge 
as shown in Figure 4.3. 
The propensity to change node combines the various, selected change management 
options in the scenario being investigated with their inputs of Knowledge, Culture and Trust 
for the demographic targeted by the specific change management option in the locality of 
interest. The context in which this influence is occurring is taken into account through the 
Environmental Sensitivity (Context) element of the system, whereby if customers were 
considered to be more likely to modify their peak demand behaviours due to their 
awareness and current sensitivity to a need for a reduction, this could be accommodated. 
The household demographic was determined by the location selected using reported 
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information and the specific change management option. An appropriate demographic 
grouping for each option was used based on industry information (Ergon Energy, 2012). 
The Customer industry engagement component bridges the two groupings of the social and 
stakeholder engagement leading to the change management options that are put in place. 
The state of the Customer industry engagement component is determined by the degree of 
engagement that may be undertaken. It is a result of the probability states of the Education 
and Engagement nodes, which in turn have the probability states set by the level of 
interventions selected. For each of these Education and Engagement components, they 
may be set to be occurring at the Broader and the Local Community levels or at the 
Household (individual) level. The interactions producing the probability states are shown in 
Figure 4.3 of the paper. 
A3.2. Technical. 
The technical components of the model consist of the Physical environment, House and 
Appliances. 
The physical environment was represented by the location selected with its specific 
demographic (applied in the Social domain), the housing stock and the relative electricity 
use by the locality in the scenario. 
The housing stock was applied for the change management option impacting heating and 
cooling. It was proposed that the input into the model of the effect of the change in heat 
load, represented by watts per household reduction, would use a separate model for 
houses with a house energy rating of three and below built on a change of the proportion 
of the housing stock moving up one or two scale ratings. In lieu of detailed modelled data, a 
wattage reduction estimate was used. 
The use of appliances by households during peak periods was developed for Queensland. 
This had winter and summer components that could be modelled separately. The electricity 
use for other localities was based on this diversified appliance use and the total energy use 
in each locality. 
A3.3. Change management options. 
The stakeholders in managing demand side management of electricity by residential 
customers are the retail market, government policy and the customers themselves (through 
customer-industry engagement). In the model the stakeholders and the engagement 
process resulted in the change management options that were to be modelled. The options 
were set based on those defined by an energy industry report (Ergon Energy, 2012) and the 
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project working group. The single arrow in the model figure (Figure 4.1) from Change 
management option in a BN sense consists of the separate arrows from each of the options 
selected in a given scenario. The calculations are then made with the separate probability 
tables for each option in the propensity to change node of the BN. 
The change management options (described in Table A4.1 Appendix 4) considered in this 
model were: 
• Acknowledgement & recognition 
• Time of use tariffs 
• Off-peak tariffs and managed supply 
• Customer Education & Engagement 
• Price increase 
• Appliances (minimum performance standards) 
• Capital Spend - Insulation 
• Capital Spend - Photovoltaics 
Provision was made so that a further strategic intervention could be investigated if a user 
wished. Further description of these options is provided in Appendix 3. 
The Customer Education & Engagement option, as well as having an effect on peak demand 
itself, also interacted with the other options to alter their level of impact based on whether 
the engagement etc. was at the Broader Community, Local Community or individual 
Household level. 
A3.4. Bringing it all together. 
The combining of the social and technical domains for each of the change management 
options developed through the stakeholder domain was done in the Appliance usage node 
of the model. The calculated proportion of the households in a given state, together with 
the impact on peak demand for each of those states resulted in a network peak load 
reduction (or increase) for each change management option which were totalled to give the 
overall network peak demand reduction of the final node. 
A3.5. Refining the model. 
The model is presented as a method by which a conceptual systems model combining 
social, technical and policy issues could be quantified. Further elaboration of the sub-
networks and the values used would be possible. A strength of Bayesian networks is that 
they can be refined as additional information on these components becomes available and 
this will be used to further develop this systems method for combining the social, technical 
and change management option dimensions of network peak demand for electricity. 
References. 
Ergon Energy. 2012. "Market segmentation development: Residential". 

 Appendices 171  
Appendix 4. Glossary and Definition of 
Terms and Levels 
Table A4.1. Nodes with probabilistic links in the Bayesian network. 
Utility node Description Output states 
Customer-Industry 
engagement 
Act of engagement of the entity with 
electricity customers through either 
imparting particular knowledge or skills 
and/or through targeted engagement 
programs aimed at eliciting customer 
loyalty and advocacy. 
 
High:- Specific 
designed activities 
aimed at engagement 
of the entity with 
electricity customers 
Low:- Minimal 
designed activities of 
either education or 
engagement. 
Knowledge Customers have a combined or an 
individual understanding of: 
• peak energy, and/or; • energy costs 
and benefits, and/or; • conservation 
costs and benefits, and/or; • awareness 
of demand management energy 
efficiencies, and/or; • a degree of price 
consciousness; AND the impact of peak 
demand on the network and costs of 
network infrastructure and its ultimate 
impact on prices. 
High:- A 
understanding 
features of network 
peak demand 
Medium:- A sound 
understanding 
Low:- Customers have 
minimal or no 
understanding 
Trust Entity (public institutions and/or energy 
providers) on which one relies FOR 
INFORMATION OR “POLICY” (reliance on 
the integrity, strength, ability, surety, 
etc., of entity; confidence) 
Trust in energy providers 
Entity (energy providers) on which one 
relies (reliance on the integrity, 
strength, ability, surety, etc., of entity; 
confidence) 
Trust in public institutions 
Entity (public institutions) on which one 
relies (reliance on the integrity, 
strength, ability, surety, etc., of entity; 
confidence) 
High:- Acceptance 
Low:- Cynical 
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Culture The behaviours and beliefs 
characteristic of the customers in the 
area to be modelled as it relates to peak 
energy use. 
Levels 
 
The customers’ 
characteristic 
behaviours and 
beliefs within the 
area to be modelled  
High:- are conducive 
to a reduction of peak 
energy use. 
Low:- are not 
conducive to a 
reduction of peak 
energy use. 
Environmental 
sensitivity - Context 
This node covers the context in which 
the interventions and decisions by a 
household are being implemented. 
It captures the Environmental sensitivity 
of the community etc. impinging on the 
household and includes societal issues 
such as climate change, energy pricing, 
etc. 
(NB: Environmental sensitivity does not 
refer to level of awareness of issues 
relating to the natural environment.) 
High  
Normal 
Propensity to Change A natural or acquired tendency, 
inclination, or habit in a person to make 
desired change of either capital spend 
or ongoing behaviour change. 
 
Likelihood of making 
desired changes in 
either capital spend 
or ongoing behaviour 
change. 
High:- High 
Low:- Minimal  
Nil:- No inclination  
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Table A4.2. Nodes of the network which specify characteristics impacting on the model 
Physical environment The physical environment specifies the location with the 
modelled characteristics of number of households, 
housing profile and climatic and weather extremes. 
House The House node in the model provides for the 
construction, type, size and star rating of the houses in 
the given location. This interacts with the Physical 
Environment to give a heat load for cooling and heating. 
A change in the star ratings of the houses, together with 
behavioural changes, such as setting the thermostat at a 
higher temperature and of not turning the air conditioner 
on at certain times will interact with the basic house 
aspects in a location. Although the energy demand of a 
given (initial) housing profile impacts on the appliances 
node, the data is collated in the sheet for the House node 
as it is imported from other modelling but relates to the 
House profile. 
Appliances A total figure for diversified peak demand usage is 
derived by estimating the likely appliance energy 
consumption for cleaning, cooking, living, entertainment 
and office/work. 
This usage is specified for Queensland. The figures for 
Townsville, Toowoomba and any Hotspot are calculated 
from the Queensland figure. 
Appliance usage (Household) Brings together the propensity to change energy demand 
behaviour through impact on appliance use. 
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Table A4.3. Description of nodes that are modelled by their influence on change management 
options and interventions. 
Retail market strategies A major feature of the reform of the electricity sector was the 
government policy intervention designed to introduce 
competition into the supply of retail electricity by reducing 
the barriers to entry for suppliers, allowing customers to 
choose their own supplier and thus, encourage innovation and 
lessen prices. 
 
Government policy Federal or state government interventions intentionally or 
unintentionally designed to directly or indirectly impact or 
affect customer demand for energy. 
PV Solar policy 
Hot water policy (not used in model) 
Insulation policy 
Provide households with ease of access to insulation products 
or initiatives or the setting of clear standards for new home 
insulation to ensure all new homes have a high standard of 
insulation in terms of energy efficiency for warming the house 
in winter and cooling it in summer. 
Tariff intervention 
Establishing a pricing structure that is the most effective in 
reducing or shifting demand during peak periods. 
 
 
  
 Appendices 175  
Table A4.4. Change management options through retail market, government policy and customer-
industry engagement. 
Change Management Options 
(CMOs) 
Strategic initiatives designed to change or influence 
customer behaviour to reduce or shift electricity 
demand especially during peak periods. 
Acknowledgement & 
recognition 
Customers with low consumption and low payment 
risk profiles are acknowledged and provided with 
positive affirmation for their behaviours.  
Time of use tariffs Pricing structures tailored for customers that are the 
most economical for them generally and also the most 
effective at dampening electricity demand during 
peak times or inducing load-shifting electricity 
demand away from peak times. For example, retirees 
could benefit from a suitably structured time of use 
tariff because they are able to undertake energy 
consumption activity away from peak times.  
Off-peak tariffs and managed 
supply 
Off-peak tariffs & managed supply. Where appliances 
are hard-wired to off-peak or other methods of 
managed supply 
Customer Education & 
Engagement  
 
(See entry in Table A4.1)  
Price Price is the retail price paid by residential customers. 
It is an imposed cost that affects the price of 
electricity, for example, carbon tax, network charges 
etc. 
Appliances (minimum 
performance standards) 
Setting energy efficiency standards for appliances 
available to Australian and Queensland customers 
that ensure all appliances on the market are as energy 
efficient as possible. Poor performing appliances in 
terms of energy efficiency are blacklisted and 
unavailable to Australian or Queensland customers.  
Capital Spend 
 Insulation 
 Photovoltaics 
 
Understanding that there is a need to spend capital to 
save energy. Provide customers with ease of access to 
household power management for products or 
initiatives such as Solar PVs, household modernisation 
including insulation, efficient pool pumps, alternative 
hot water of solar or gas. 
Other Strategic Interventions Any other intervention eg EV, Batteries, HEMS, RUS, 
BlueGen 

 Appendices 177  
Appendix 5. Propensity to change peak 
demand behaviour with 
changes in parent nodes 
 
Table A5.1. Propensity to change peak demand behaviour with changes in parent nodes 
Change management option With 
Culture, 
Trust and 
Knowledge 
all High 
Culture 
 
 
 
Low* 
Trust 
 
 
 
Low* 
Knowledge 
 
 
 
Low* 
Acknowledgement & Recognition    
High 
Low 
Nil 
0.90 
0.10 
0.00 
0.30 
0.50 
0.20 
0.70 
0.20 
0.10 
0.70 
0.20 
0.10 
Time of Use Tariffs     
High 
Low 
Nil 
0.95 
0.05 
0.00 
0.60 
0.30 
0.10 
0.70 
0.20 
0.10 
0.80 
0.20 
0.00 
Off-Peak Tariffs and Managed Supply    
High 
Low 
Nil 
0.95 
0.05 
0.00 
0.80 
0.20 
0.00 
0.70 
0.20 
0.10 
0.60 
0.30 
0.10 
Customer Education & Engagement    
High 
Low 
Nil 
0.10 
0.20 
0.70 
0.10 
0.20 
0.70 
0.10 
0.20 
0.70 
0.00 
0.00 
1.00 
Price Increases     
High 
Low 
Nil 
0.95 
0.05 
0.00 
0.80 
0.20 
0.00 
0.70 
0.20 
0.10 
0.60 
0.30 
0.10 
Appliances (Minimum Performance 
Standards)    
High 
Low 
Nil 
1.00 
0.00 
0.00 
1.00 
0.00 
0.00 
1.00 
0.00 
0.00 
1.00 
0.00 
0.00 
Capital Spend – Insulation     
High 
Low 
Nil 
0.65 
0.20 
0.15 
0.01 
0.08 
0.91 
0.05 
0.05 
0.90 
0.00 
0.05 
0.95 
*States of the other two nodes set to High. 
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Table A5.2. Impact on electricity demand of households being in a High, Low or Nil state of 
propensity to change 
 State of Propensity to change 
Change management option High Low Nil 
Acknowledgement & Recognition 0.10 0.05 0.00 
Time of Use Tariffs 0.10 0.05 0.00 
Off-Peak Tariffs And Managed 
Supply 0.10 0.05 0.00 
Customer Education & Engagement 0.035 0.01 0.00 
Price Increases 0.05 0.02 0.00 
Appliances (Minimum Performance 
Standards) 0.01 0.00 0.00 
Capital Spend – Insulation    
Cooling (watts reduction) 280 180 0 
Heating (watts reduction) 190 140 0 
Proportion or wattage impact on peak demand that will be reduced for each state. 
The data indicates, for example, 0.10 is a 10% reduction in peak demand 
and 280 watt reduction is from a reduction in heat load. 
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Table A5.3. Uncertainty applied to impact on peak demand for High 
and Low states of propensity to change 
Change management option High Low 
Acknowledgement & Recognition 10.0% 10.0% 
Time of Use Tariffs 10.0% 10.0% 
Off-Peak Tariffs and Managed Supply 5.0% 5.0% 
Customer Education & Engagement 20.0% 20.0% 
Price Increases 5.0% 5.0% 
Appliances (Minimum Performance Standards) 5.0% 5.0% 
Capital Spend – Insulation 20.0% 20.0% 
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Appendix 6. Background information on 
elements of one sub-system – 
Developed in workshops 
(Ergon Energy and QUT staff) 
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Appendix 7. A proposed possible approach 
to adding cost 
Using categorical costs. 
 
• The Cost of Education activities for each of the Options is firstly combined separately at 
the Broader Community, Local Community and Household levels. 
• Similarly for Engagement activities 
• The combined Broader, Local and Household Costs are combined into a single Education 
Cost and a single Engagement Cost. 
• Cost of implementing each of the Options is combined as an implementing Cost. 
• Finally, the three Costs of Implementing, Education and Engagement are combined to 
give a total Cost (ranked from Low to Very High (or even Extremely High)). 
 
